Research on the Role of Technology in
Teaching and Learning Statistics
Edited by

JOAN B. GARFIELD
University of Minnesota, USA

GAIL BURRILL
University of Wisconsin, USA

Technical Editor:
Jane Schleisman

Proceedings of the 1996 IASE Round Table Conference
University of Granada, Spain, 23-27 July, 1996

 1997 International Statistical Institute
Voorburg, The Netherlands

Contents
Page
Foreward, Anne Hawkins

5

Preface, Joan Garfield

9

1. Myth-Conceptions! Anne Hawkins

10

PART I: HOW TECHNOLOGY IS CHANGING THE TEACHING
OF STATISTICS AT THE SECONDARY LEVEL
2. Graphing Calculators and Their Potential for Teaching and Learning Statistics,
Gail Burrill

24

3. Developing Probabilistic and Statistical Reasoning at the Secondary Level Through
the Use of Technology, James Nicholson

38

4. Statistical Thinking in a Technological Environment, Dani Ben-Zvi and Alex
Friedlander

54

5. The Use of Technology for Modeling Performance Standards in Statistics,
Susanne P. Lajoie

65

6. DISCUSSION: How Technology is Changing the Teaching and Learning of
Statistics in Secondary Schools, Gail Burrill

79

PART II: DEVELOPING EXEMPLARY SOFTWARE
7. A Framework for the Evaluation of Software for Teaching Statistical Concepts,
Robert C. delMas

83

8. QUERCUS and STEPS: The Experience of Two CAL Projects From Scottish
Universities, Moya McCloskey

99

9. Overview of ConStatS and the ConStatS Assessment, Steve Cohen and
Richard A. Chechile

110

10. Toward a Theory and Practice of Using Interactive Graphics in Statistical
Education, John T. Behrens

120

11. DISCUSSION: Software for Teaching Statistics, Dani Ben-Zvi

131

PART III: WHAT WE ARE LEARNING FROM EMPIRICAL RESEARCH

12. What Do Students Gain From Computer Simulation Exercises? An Evaluation
of Activities Desgined to Develop an Understanding of the Sampling Distribution
of a Proportion, Kay Lipson

145

13. Students Analyzing Data: Research of Critical Barriers, Clifford Konold,
Alexander Pollatsek, Arnold Well, and Allen Gagnon

159

14.Student's Difficulties in Practicing Computer-Supported Data Analysis: Some
Hypothetical Generalizations From Results of Two Exploratory Studies, Rolf Biehler

176

15. Evolution of Studentsí Understanding of Statistical Association in a ComputerBased Teaching Environment, Carmen Batanero, Antonio Estepa, and Juan D. Godino

198

16. Computer-Based and Computer-Aided Learning of Applied Statistics at the Department
of Psychology and Educational Sciences, Gilberte Schuyten and Hannelore Dekeyser

213

17.Discussion: Empirical Research on Technology and Teaching Statistics,
J. Michael Shaughnessy

223

PART IV: HOW TECHNOLOGY IS CHANGING THE TEACHING
OF STATISTICS AT THE COLLEGE LEVEL
18. WORKSHOP STATISTICS: Using Technology to Promote Learning
by Self-Discovery, Allan J. Rossman

226

19. Examining the Educational Potential of Computer-Based Technology in
Statistics, Peter Jones

238

20.How Technological Introduction Changes the Teaching of Statistics and
Probability at the College Level, Susan Starkings

247

21.The Internet: A New Dimension in Teaching Statistics, J. Laurie Snell

259

22.Computer Packages as a Substitute for Statistical Training? Michael Wood

271

23.DISCUSSION: How Technology is Changing the Teaching of Statistics
at the College Level, Carol Joyce Blumberg

283

PART V: QUESTIONS TO BE ADDRESSED ON THE ROLE OF
TECHNOLOGY IN STATISTICS EDUCATION
24.Learning the Unlikely at Distance as an Information Technology Enterprise:
Development and Research, Jane Watson and Jeffrey P. Baxter
25.The Role of Technology in Statistics Education: A View From a Developing

288

Region, Michael J. Glencross and Kamanzi W. Binyavanga

303

26.DISCUSSION: Technology, Reaching Teachers, and Content Gail Burrill

311

List of Participants

313

Foreword
In taking Research on the Role of Technology in Teaching and Learning Statistics as the theme of its
1997 Round Table conference, the International Association for Statistical Education (IASE) has continued
its tradition of provoking widespread international debate about contemporary issues facing statistical
educators. The purpose of IASE’s Round Tables, however, has never been limited to mere discussion.
Rather, the intention has always been to derive working recommendations that may be adopted world-wide.
As these Proceedings demonstrate, this conference proved to be no exception. The convenor, Joan
Garfield, and her team of advisors developed a stimulating programme of presentations, and there were
always abundant opportunities for debate and for the elaboration and development of ideas. The delegates
were drawn from many countries and represented a wide range of interests and expertise, including
statistical, mathematical, and science education; psychology; software design; curriculum development and
assessment; and teacher training.
The theme confronted delegates with six main questions to address:
•

What constitutes educational technology?

•

What may be expected of current and future educational technology?

•

What use, and in some cases misuse, is being made of technology in statistical education?

•

What has research shown us about the role of technology?

•

What do we still need to know?

•

What methodologies are appropriate for evaluating the effectiveness of technology in education

processes?

There was an early acknowledgment that technology should not necessarily involve radically different
thinking about its role in the teaching/learning process than that afforded to any other teaching innovation.
The same general educational principles should apply. However, educational technology does afford us
with a greater variety of strategies for teaching statistics. Moreover, it offers us new ways of doing statistics.
Our education processes often reflect somewhat conservative (if not actually reactionary) ideas of what
statistics is and how it should be taught. The changing nature of statistics is an ongoing challenge, often
demanding quite radical reforms in statistical education. However, technological innovation is just one
aspect of this, and, not surprisingly, therefore provoked a number of Round Table recommendations that
could be seen to have a more general applicability; for example, those aimed at countering inadequate
teacher preparation; inappropriate curriculum content and structure; less than optimal teaching and
assessment methods and materials; and, more particularly, the paucity or lack of synthesis of good quality
research to guide any developments in statistical education.
It was recognised that we almost certainly cannot predict all types of educational technology that will be
available to future readers of these Proceedings, such is the speed of advances in this field. Delegates were
therefore at pains to build longevity into their recommendations by not restricting their discussions to
specific examples of technology in present-day use. Similarly, technological resources are not evenly
distributed and access to them depends greatly on geographic location and economic circumstances.
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Delegates tried to produce recommendations that would address this fundamental variability, but that would
also provide robust guidance for readers, whatever their personal access to technology.
An agenda for future research in the role of technology in statistical education was constructed and
appropriate methodologies were debated. Finally, the delegates turned their attention to identifying ways of
disseminating the results of research more effectively and ways of influencing teachers, institutions, and
governments to adopt educational practices that are shown to be optimal. Speed of implementing
developments was seen to be important, especially in the fast-developing field of technology. However,
delegates were mindful that it is necessary not only to provide the infrastructure and finance to support
technological innovations, but also to change attitudes and expectations about statistical education.
The tension between educators’ needs and commercial offerings in terms of software development was
identified as a key problem area. Market-leaders continue to produce widely-used software products that
simply are not fit for their statistical purpose either because they use incorrect computational algorithms or
because they encourage bad statistical practice on the part of the user. The existence of such software places
a great responsibility on statistics educators to provide students with the kind of statistical literacy that will
protect them from such pitfalls. How can we educate our colleagues, though, so that they will not perpetuate
the problems by basing their teaching around faulty software? How can we educate the general public and,
more particularly, employers not to buy and use software that is statistically unsound?
It is not only in the development of software to do statistics that problems are encountered. Poor quality,
or outdated, software to teach statistics is also being produced. Moreover, delegates expressed concern that
there are still examples of large amounts of money being hastily “thrown” at development projects of
dubious educational or statistical merit, in response to what is perceived as the “technology expansion crisis
in education.” Clearly, IASE has an important role to play in encouraging more dialogue and
collaboration between software developers (both commercial and public sector), funding bodies, and
educational specialists. Hopefully, this Proceedings will prove to be influential in this respect.
In the meantime, it is my pleasure, on behalf of both IASE and its parent organisation, the International
Statistical Institute, to thank Joan Garfield for her excellent work in convening the Round Table. Thanks are
also owed to her and to Gail Burrill for their efforts in editing these Proceedings; and to the delegates
themselves who conducted much of the internal refereeing of papers prior to the final versions being
produced. Lastly, on behalf of all the delegates, I would like to express great appreciation for the warm
welcome extended to us by the Statistical Education Research Group at the University of Granada. Carmen
Batanero, Juan Godino, Angustias Vallecillos, and their colleagues contributed enormously to the success of
the Round Table. Their efficiency and hospitality were outstanding.
Anne Hawkins, June 1997
President, International Association for Statistical Education
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Preface
On July 23, 1996, 36 researchers from 13 different countries and 6 continents met in Granada, Spain,
for an invitational Round Table conference sponsored by the International Association for Statistical
Education (IASE). During the five days of the conference, we listened to presentations, viewed software
demonstrations, and discussed challenging issues regarding the use of technology with students who are
learning statistics.
After the opening presentation by IASE President Anne Hawkins, who set the stage for us by presenting
and challenging “myth-conceptions” concerning technology in statistics education, papers and discussions
were arranged into five sections, each briefly described below.
Section 1: How Technology is Changing the Teaching of Statistics at the Secondary Level
These papers addressed not only how computers and graphing calculators are changing the statistical
content in secondary education, but also how they affect the content being taught and the ways student
learning is assessed.
Section 2: Developing Exemplary Software
Demonstrations of some exemplary software programs were accompanied by descriptions of how and
why they were developed and how they have been or might be evaluated. Group discussions of these papers
focused on requirements for ideal software tools to improve the teaching and learning of statistics.
Section 3: What We are Learning from Empirical Research
Examples of empirical research involving the use of technology were presented. Discussions focused on
generalizability issues and methodological problems related to research studies involving the use of
computers in educational settings.
Section 4: How Technology is Changing the Teaching of Statistics at the College Level
This set of papers described innovative ways computers are being used in undergraduate and graduate
statistics courses and their impact on the way these courses are being taught. Uses of technology discussed
included combinations of software programs with new curricular approaches and Internet resources.
Section 5: Questions to be Addressed on the Role of Technology in Statistics Education
The last section of papers focused on important problems related to distance learning and teaching
statistics in developing countries.
During the five days of presentations and discussions, four broad issues emerged.
1. The need for information on existing software. Participants quickly realized that there is a need to
make available information on current software and its capabilities to avoid “reinventing the wheel.” A
beginning effort is the annotated list of software demonstrated at the conference (see Chapter 11). Another

ix

PREFACE

apparent need was to develop common frameworks to use in evaluating software, taking into consideration
its different uses: to demonstrate concepts, to analyze data, and for tutorial or computer-assisted learning.
There was a recognition that what constitutes appropriate interaction between students and technology for
each of these purposes needs to be further elaborated and explored.
2. The changing role of the classroom teacher. Many issues emerged when considering the use of
technology in teaching statistics, including the training of teachers to appropriately use technology and
software, the role of technology in replacing the teacher in particular contexts, and the changes in
instruction needed as more technology is introduced. Information is needed on the best ways to integrate
technology in classroom settings, as well as how to best prepare teachers to use technology.
3. The need for good assessment instruments. One of the biggest challenges in conducting research on
the role of technology is the lack of appropriate assessment methods to evaluate student learning. There is a
need for good, valid, informative assessment methods and procedures. Much of the current research has
been done using individual interviews or is conducted in small-scale settings, procedures that do not transfer
well to large classrooms. It was agreed that assessment methods need to accurately measure and monitor
changes in students’ understanding as they interact with technology.
4. Directions for future research. The scarcity of good empirical research on the role of technology in
statistics education indicates a need for some agreement on appropriate methodology as well as assessment
methods. Many areas were identified as needing research, to help us to better understand and monitor how
students interact with technology and how different strategies best promote understanding. There was a
shared concern regarding better dissemination methods to connect research results to the classroom, and
better ways to educate teachers to utilize these results. Participants identified a need for research to provide
a deeper understanding of statistics learning and thinking processes in technological settings. However, it
was clear that different theories of learning and teaching underlie research, as well as the construction of
technology and its use by teachers. It was agreed that it is important to make these theories explicit along
with assumptions about what is most important for students to learn about probability and statistics. Finally,
participants advocated better collaboration among researchers, educators, and the technical experts who
develop software tools.
As was true for the previous IASE Round Table Conferences, our participants were a diverse group.
Consequently, many of us needed to improve our communication skills in order to fully understand each
other, although it was often hard to remember to speak slowly and to use the microphone when making
comments. However, by the end of the conference a strong sense of community had emerged among
participants. Many expressed a shared vision of the research needed to be done, an enthusiasm for new
collaborations and research networks, and plans to meet again at ICOTS 5 in Singapore in 1998.
Based on individual interests and the focus of the papers presented, three working groups were formed:
(1) technology in secondary education, (2) technology issues at the college level, and (3) empirical research
issues. These three groups met toward the end of the conference to synthesize and discuss issues related to
their particular topic and to make recommendations which were presented at our final session. Each
working group had a recorder who summarized comments and combined them with the general discussions
following individual papers in their section. Gail Burrill, Mike Shaughnessy, and Carol Blumberg are
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gratefully acknowledged for leading these working groups and for summarizing the two sets of discussions.
In addition, I am indebted to Dani Ben-Zvi, who, according to one participant “ran all over the University
collecting Macs and PCs to put on a special ‘show and tell’ session” so that everyone would have a chance
to try out the software being described in presentations. Thanks also to Dani for writing a summary of the
discussions on developing software and for gathering details on each software program demonstrated.
Some readers may notice that this proceedings volume differs from previous IASE Round Table
proceedings in several ways. First, a decision was made by participants at the end of the conference to use a
refereeing process to provide feedback to each author to use in revising and improving their paper. I
appreciate the contributions of all participants, both presenters and observers, who served as reviewers for
these papers. Another departure from previous Round Table proceedings is the method used to reproduce
discussions following each paper. In the past, these discussions were recorded verbatim and included in the
conference proceedings. For this volume, a decision was made by the co-editors to instead integrate all
discussions of papers in each of the five sections into one summary and to combine this when possible with
a working group summary. A third difference involves an editorial decision to use a consistent spelling of
words rather than using American and British versions of English depending on each author’s country.
Therefore, we modified some of the text that used British English to produce this consistency.
I would like to acknowledge the efforts of several people who helped make this Round Table an
overwhelming success. First, I need to thank former IASE president, David Moore, who in the spring of
1994 first invited me to choose a topic and to chair this conference. Many thanks go to the research group
at the University of Granada who served as gracious hosts, and in particular, to Carmen Batanero and Juan
Godino, the local organizers. All who participated in the Round Table appreciated the magnificent efforts
of Carmen and Juan and their colleagues who made sure that our experiences in Granada were extremely
pleasant and memorable. I would also like to thank the other members of the program committee: Rolf
Biehler, Carol Joyce Blumberg, Gail Burrill, Anne Hawkins, Lionel Pereira-Mendoza, and Mike
Shaughnessy. For over a year, they consulted with me via e-mail, advising me on every aspect of the
conference. As chairs of two previous IASE Round Table conferences, Anne and Lionel were exceptionally
helpful in providing detailed answers to my endless questions. Thanks to Brian Phillips, Dani Ben-Zvi, Carol
Blumberg, Gail Burrill, and Mike Shaughnessy for chairing different sections of the conference and for
keeping everyone on schedule.
An additional thanks goes to Gail Burrill. In addition to serving on the program committee and
arranging to have graphing calculators available for all participants to use at the conference, Gail also
agreed to co-edit this conference proceedings with me, making the task more manageable. I wish to thank
Holly Miller who succeeded in the challenge of transcribing the hand-written notes submitted to me by
participants who took turns recording the discussions after each paper. Finally, a special thanks goes to Jane
Schleisman, a graduate student at the University of Minnesota, who served as technical editor for this
project. Her expert skills and careful eye for detail were invaluable, and her boundless energy and cheerful
disposition were greatly appreciated.
Joan Garfield,
Program Chair
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1. MYTH-CONCEPTIONS!
Anne Hawkins
The University of Nottingham

INTRODUCTION
Twenty-five years ago, the term “technology” had a rather different meaning than it does today.
Anything other than chalk-and-talk or paper-and-pencil was considered technology for teaching. This
might have included anything from fuzzy-felt boards to mechanical gadgets, as well as the multimedia of
that period (i.e., television, tape recordings, films, and 35mm slides). The title of this Round Table talk
refers to “technology”; however, the papers are concerned mainly with computers and software. The
occasional reference to calculators is really only a variation on this theme, because they are essentially
hand-held computers. This is merely an observation--not a criticism. The re-invention of the meaning of
the term ‘technology’ is something to which we have all been a party.
The developments in computers and computing during the past quarter of a century have been so
profound that it is not surprising that they replaced other technological teaching aids. This does not mean
that we should forget such alternative aids altogether, nor the need to research their effective use. However,
it is obvious that computers have significantly increased the range, sophistication, and complexity of
possible classroom activities. Computer-based technology has also brought with it many new challenges for
the teacher who seeks to determine what it has to offer and how that should be delivered to students.
Innovations in this area tend to be accompanied by a number of myths that have crept into our folklore
and belief systems. Myths are not necessarily totally incorrect: They often have some valid foundation.
However, if allowed to go unchallenged, a myth may influence our strategies in inappropriate ways. This
Round Table conference provides a timely opportunity to recognize and examine the myths that govern
innovations and implementations of technology in the classroom, and to establish the extent to which our
approaches are justified.
Myth 1: Technology enhances the teaching and learning of statistics
Having the vision to see what technology can, or might, do is not synonymous with knowing how to take
advantage of this in a teaching context. The reality is that we still have much to learn about the use of
technology. Technology-based teaching may be less than optimal because (1) either the hardware, the
software, or both, may be inadequate; (2) our use of the technology may be inappropriate; or (3) the
students may not experience what we think they do.
Some statistical packages are particularly dangerous with respect to their graphics capabilities. For
example, the same command may be used for producing histograms and bar-charts. This does not help
learners who are already confused by the superficial similarities between these two diagrams. Labeling on
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diagrams may be minimal or simply incorrect, and there are obviously problems with packages that
emphasize pretty or impressive, rather than accurate, graphs (e.g., auto-scaling may preclude realistic
perceptions of magnitudes).
Most packages, of course, will do what is requested, regardless of whether it makes sense. Packages
cannot think, but there is a worrying trend toward software that by default (rather than by invitation)
pretends to do just that. We should be training our students how to think for themselves and to know that
they must do it. The situation is exacerbated by the ready access that many lay-users now have to freeware
and shareware, even though they do not have the skills, or inclination, to evaluate this software and decide
on its appropriateness for the intended use. Some freeware and shareware is reputable and highly reliable.
Indeed, such software may be more appropriate than a commercial counterpart because it has been
produced by a specialist in the field, rather than by a commercial programmer. The danger lies in the fact
that much of the available freeware and shareware has unknown characteristics and quality. Indeed, software
that will later be marketed commercially is often put out as freeware at the alpha- and beta-testing stages so
that users may provide feedback about problems to the producers for amendment in the final version. The
snag is that such feedback tends to be private rather than public, and the trial users are a self-selecting
group who may not have the relevant specialist knowledge to recognize statistical errors when they occur.
In fact, such problems are not confined to freeware and shareware. Early versions of the EXCEL
spreadsheet software, for example, were flawed in terms of some statistics (e.g., negative R2 values and
moving average models that were displaced horizontally, thereby missing all the contributing data points).
Although some of the errors have been corrected in later versions, schools may not yet have the necessary
hardware to support these later versions.
Technology can enhance the processes of teaching and learning statistics. However, not all technology is
fit for this purpose, and the use we make of this technology is not always appropriate.
Myth 2: Computers have changed the way we do statistics
It is certainly the case that computers have changed the way that some students do statistics. Now, if
unchecked, students have the resources to collect too much data, with little thought as to why it has been
collected, and to produce vast numbers of meaningless analyses!
It is also fair to say that computers have expanded the range of processes that statisticians can use to
collect, explore, and interpret data. Clearly, technological developments since the late 1970’s have been
significant, and they have had an impact on what students will experience as “statistics.” The evolution of
more powerful computers has resulted in the development of new methods of statistical analysis and has
made the implementation of some previously suggested techniques a reality, particularly in the realms of
graphical displays and multivariate analysis.
Many people in the “user”-disciplines have always merely fed data into statistical packages without
understanding the processes involved, and many are still doing just that. What is worse, however, is that now
large numbers of people in the general population, many of whom are statistically illiterate, are doing the
same (i.e., regularly relying on a package or a computer to sort things out for them). The ability to process
data with a piece of software is only one aspect of using a statistical package. Selecting the appropriate
analysis and being able to interpret the output are what matter. These skills must be taught if the way we do
statistics is to change. They do not just emerge of their own accord.
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Technology can change the way in which we do statistics. It does not necessarily do so, however, and the
changes are not guaranteed to be beneficial.
Myth 3: Computers have changed the way we teach statistics
Computers have saved many hours of computation time, enabling the study of larger datasets than was
previously possible. New topics have been added to statistics syllabi, and some techniques that were mainly
ways of coping with awkward or time-consuming computations have been dropped. Statistics, of course, is a
living subject; thus, the process is on-going.
It has not, however, been computers per se that have changed the way we teach statistics. More
particularly, it was (1) the micro-revolution (Mangles, 1984) that made computers physically available to a
wider range of users, and (2) the development of natural language and Graphic User Interface software that
made their use accessible.
The advantages of computers include their dynamic nature, their speed, and the increasingly
comprehensive range of software that they support. These, together with their increased storage capacity
and processing power, enable students to experience and explore all aspects of the statistical process--from
planning the sampling or experimental design, through data collection, database management, modeling,
and analysis, to interpreting and communicating findings. Technology can now provide students the
opportunity to conduct real investigations of real questions of real interest.
In teaching statistics, it is no longer necessary to spend time on ways to make manual computations
easier, or on practicing such computations. There are, however, a number of dangers into which statistical
educators can fall. Preece (1986) warned against filling the time made available by the use of computers
with opportunities “for students to ‘try out’ a whole host of packages whose merits or failings they are not
yet competent to assess” (p. 43). Computers assist us: It is statistics that we are teaching--not computing.
Taylor (1980) defined three types of computer software for use in teaching statistics:
•
•
•

T o o l software for doing statistics: statistics/graphics packages.
Tutor software for showing statistics: concept simulations, and so forth.
Tutee software: programming languages and software that allow the student to learn about statistics
by “instructing” a computer.

Not everyone has access to these types of software (or the necessary hardware). Also, not all teachers
understand or are trained in the uses to which software can be put. The result is that the way in which
statistics is taught has not changed to the extent that we might imagine, and students’ experiences of
statistics and of statistical education have become worryingly diverse. Particularly with respect to developing
and transition countries, access to technology is often most limited where alternative teaching approaches
are also most restricted. The use of technology to supplement available provisions (e.g., to deliver distance
learning program) is therefore precluded where it is most needed.
Tutor software
Originally, Taylor’s second category (tutor software) was concerned mainly with teaching aspects of
probability, by providing simulations of sampling distributions. Now, however, the scope of tutor software is
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much broader, and includes certain developments in the areas of expert system and multimedia software. In
the United Kingdom, the Teaching and Learning through Technology Project (TLTP) recently funded the
development of Statistical Teaching through Problem Solving software (STEPS). [See also Chapter 8.] This
software provides a series of applied problem areas where the student can interact with the software to
discover solutions. The more innovative modules include tutor software aimed at shaping statistical
reasoning and behavior. They use a more open, interactive structure than the rigid “carrot and stick”
approach of earlier programmed learning materials.
Tool software
Many statistics packages (i.e., tool software) are available (e.g., SPSS, MINITAB, DataDesk). These vary
considerably in their scope, power, and ease of use. More particularly, they differ in the balances struck
between statistical analyses and graphical displays, and between traditional statistical techniques and
exploratory data analysis (EDA) approaches.
If a package for “doing statistics” is going to be useful in the statistical education process (i.e., as a
teaching and learning tool), rather than merely providing bigger and better opportunities for doing
statistical analyses, it should be highly interactive and possess dynamic graphical capabilities. Students can
then use it to examine the effect of scale on the appearance of a scatter-graph, study the effect of changing
the bin widths on the impression of a histogram, identify the effect of influential points or outliers, study
the effect of transformations on linearity or normality, or rotate a three-dimensional plot to examine the
relationship between subgroups. It is particularly useful for students to be able to use “brushing” to select
data points in a two- or three-dimensional display that will then be highlighted in other displays. This can
extend students’ perceptions of the world from a series of one- or two-dimensional snapshots to a more
complex multidimensional understanding.
For a variety of reasons, some academic, some economic, and some pragmatic, teachers may prefer to
adopt software that provides an integrated environment for statistical computing (e.g., the office suites that
are now often bundled with purchased hardware). With access to this variety of tools, students’ statistical
training can be expanded to include data-base management and more sophisticated presentation and
communication skills using word-processing and graphic/art-work applications. However, such software has
been designed to be all things to all people, which means that everybody gets something that they do not
want, and everybody loses something that they really need. Using such software also encourages an overdependence on the publishers’ ideas of what the practitioner needs, whereas publishers should be made to
produce affordable and usable software that actually reliably computes the statistics needed.
There is still a belief that all demonstrations tend to be more dramatic and interesting when done by a
computer than by the chalk-and-talk method. Computer demonstrations certainly come nearer to the
expectations that students (experienced with technology in other contexts and with the media portrayal of
sci-fi technology) bring to the situation. If students’ interest can be aroused, it is presumed that they will be
more eager, and more likely, to learn. This has been a guiding influence for many innovations (not just
those involving technology) in statistical education in recent years. Although empirical evaluation of this
assumption has not kept pace with the developments that are based on it, it is reasonable to suppose that, if
students’ interest is not engaged, then their learning will be impeded. However, we must guard against
turning a belief about a necessary condition for learning into an assumption (myth) that it is a sufficient
condition.
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Tutee software
Sometimes tutee software is used to replicate the way we used to teach statistics, before computers (i.e.,
technology is used to perpetuate, rather than change, the way we do statistics). Students are taught how to
program, and then to write their own programs for deriving various statistical concepts, such as the mean
and variance. The argument is that if the student can make a machine do the computation, that student
should have gained insight into the nature of the concept. This encourages an overemphasis on the
algorithmic and computational aspects of statistical concepts.
However, this does not seem to be an efficient way of using students’ time. It is possible that some
students might benefit, but probably not as much as they would, for example, by experimenting with
deriving the mean of a variety of different distribution shapes, using software that is already available. In
this way, students can explore the functional characteristics of the mean as a representative value,
discovering, for example, the influence of distributional characteristics on its robustness and usefulness.
Certainly, for the vast majority of students who study statistics, expecting them to learn first to program is
merely erecting yet another obstacle to their acquiring any understanding of the processes and reasoning
involved in statistics. It is important to realize that this tutee-type use of software, to replicate obsolete
processes, actually occurs in a variety of different, and harder to spot, guises.
One exception, which indicated that the use of programming could be a “good” way to teach statistical
concepts, was Butt’s (1986) innovative method of teaching the concept of random variation using the
programming language LOGO to control the movements of a turtle. The students had to discover a blackbox algorithm by alternate prediction and experimentation. Unknown to them, however, the rule controlling
the movement of the turtle contained a random element. Gradually, in their efforts to discover the rule that
would enable them to complete their navigation of a geometrical figure, the students came to appreciate the
distinction between the deterministic models that they were trying to apply and the probabilistic model that
would be more appropriate. This programming approach provided an interesting way for students to learn
about variability, (un)predictability, random influences, bias, and so forth. It encourages the discovery of
statistical concepts at a level other than algorithmic representation.
There are also some good examples of spreadsheets being used to demonstrate statistical concepts and to
allow students to experiment with these concepts. However, the strong (and possibly growing) lobby for
using spreadsheets to demonstrate the computational aspects of statistical concepts is less convincing.
Proponents of this approach argue that a spreadsheet is ideal for showing the intermediate steps in statistical
calculations, by keeping students close to the data and its successive transformations. The presumption is
that this experience of the spreadsheet as a form of tutee software will help the students obtain a better
understanding of the associated formulae. Students should then eventually become comfortable with a
more black-box approach, and move on to statistical software packages for more serious calculations.
This begs the question of whether the approach helps students develop an understanding of the
functional characteristics of the concepts. Another problem is the danger that an overemphasis on the use
of a spreadsheet, rather than on a dedicated statistical analysis package, may actually teach people that the
spreadsheet is the tool for computing statistics (which it is not). If so, this is likely to be a factor
contributing to, and perpetuating, the inappropriate software choices observed in the workplace.
The debate over whether spreadsheets are useful in the teaching of statistics has been fueled by peoples’
differing opinions about what comprises a statistical education. The discussion has, at times, been quite
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heated, but has been confounded by the fact that different beliefs about thr essence of a statistical education
lead to the different uses of spreadsheets. The debate periodically recurs, largely because there is little
empirical evidence of the cognitive gains that might, or might not, be acquired by students from the
proposed uses of spreadsheets in the teaching process.
Taylor’s (1980) framework of tool, tutor, and tutee software is still useful in classifying types of
software, although we must also consider the influence of more recent multimedia developments. The
Internet is possibly the most exciting prospect yet in technology-based teaching, because it offers access to
data, the possibility of consulting with experts and of collaborating with others on a world-wide basis,
quicker and more widespread dissemination of outcomes, and so forth.
Actually, Moore (1993) believes that computing has not really had the impact on how we teach statistics
that we might have expected. He sees it as being reminiscent of the way in which, in the 1950’s, people
expected television to impact, and fundamentally change, our teaching. However, he asserts that, with only a
few exceptions, the use of television has been disappointingly mundane, and feels that the computer’s
influence on statistical education has to be extended to reach its full potential.
In reality, there are examples of exciting uses of computing technology. However, these tend to be
individual, somewhat isolated projects, rather than wide-ranging developments affecting many educational
institutions. One United Kingdom school, for example, is involved with an ecological research project off
the coast of Florida, U.S.A., and regularly collects data using communication via the Internet to control the
project’s submersible. Meanwhile, many United Kingdom schools do conform with Moore’s understanding
of the more mundane uses of technology.
Some software is still being produced that is of the old stereotypical programmed learning type,
characterized by: “Well done - you realized that ….” or “Bad luck, you missed … Go back to ….” This
kind of software is merely transferring the style of the tutor-texts of the 1950’s and 1960’s to the modernday computer, and makes no use of the very different opportunities available by the switch to a different
instructional medium. Moore (1996) made the point that, in general, technology should not be thought of
as operating in text-based terms, for that is not where its strength lies, especially because we already have
good text-based media (i.e., books).
Surely, by now we should have moved from these banal and sterile tutor-text approaches to teaching
statistics. However, there are still would-be software developers who are ignorant of, or ignore, the progress
made by others. This may also be a criticism of the general level of dissemination (or lack of it) that
educators are able to achieve with respect to empirical work aimed at identifying good practice in statistical
education.
Myth 4: Introducing technology into the statistical teaching process is innovative
Again, this is not really the whole story. Introducing technology effectively requires exactly the same
kind of planning and understanding about how students learn, and how best to teach them, that we should
use to plan any other nontechnologically-based teaching. It also requires empirical evidence about the
optimal materials to be used, the methods for presenting them, and how to integrate them into the overall
teaching process.
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Myth 5: Students learn statistics more easily with computers
There is a large selection of software available for demonstrating probability and sampling distributions.
A noticeable feature of the Second International Conference on Teaching Statistics (ICOTS-2; Davidson &
Swift, 1986) was the enthusiasm of many delegates for demonstrating newly developed examples of central
limit theorem software. It is somewhat surprising that new examples of this are still being produced, when
there is an established collection already and when the new examples add little in terms of content or
pedagogy to the earlier offerings. The contributions to statistical computing sessions at the Third
International Conference on Teaching Statistics (ICOTS-3; Vere-Jones, 1990) were more varied in their
content, which indicates the progress in this area. This progress has, by and large, been sustained in
subsequent meetings of the International Statistical Institute (ISI) and the International Association for
Statistical Education (IASE). However, software to simulate statistical distribution theory is still a popular
teaching resource, and this type of software may be the only reason why some teachers use the computer in
teaching statistics.
Although such software undoubtedly allows the concepts to be explored quickly and efficiently under a
variety of conditions, it is not safe to assume that students will grasp all the important ideas of sampling,
variability, sampling distributions, and so on, unless they also have some experience with the concrete
versions of the experiments that are symbolized by the software.
For example, Green (1990) reported the classroom experiences of using Microcosm Software (Green,
Knott, Lewis, & Roberts, 1986), which has a game format (plus worksheets) to teach students concepts
associated with probability distributions. He concluded that
...the misconceptions which are common in the field of probability (and about computers) must give cause for doubt as
to whether the pupils get from computer simulations what the teachers or software writers assume. There seems to be a
built-in assumption that the basis of the simulation is understood and accepted and the role of the computer (especially
the random number generator) is appreciated. (p. 62)

In the past, probably the one characteristic that distinguished better from worse or merely adequate
software was the speed at which the distributions could be generated. Unlike later versions, earlier software
often relied on students recording successive sample statistics and then generating their own sampling
distribution manually. The software was merely a sampling device. Increased speed and computing power
have led to the abandonment of this approach. Ironically, however, this intermediate level of technology
might have provided an important half-way point between the hours that students spent tossing coins and
dice in precomputer days, and the all too remote and automatic derivation of sampling distributions that are
now available.
Myth 6: Research is guiding our progress
This is not strictly true. The published research is still predominantly a collection of reports of positive
outcomes. It does not tell us about things that did not work, and, therefore, about what things we should
avoid. Although there is far more empirical evidence available now, it is still rather development-oriented.
Research into why a particular teaching approach is effective is still relatively rare (this is true for both
technological and nontechnological teaching methods). This Round Table discussion provides an
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opportunity to feature examples of cognitive research into students’ interaction with computers, and their
understanding of some of the more fundamental statistical concepts, as well as looking at studies (some
classroom-oriented) that evaluate the usefulness of particular technological approaches, hopefully on a
more comparative basis.
To move forward requires an amalgam of these differing perspectives. We will also need clearer ideas
about the appropriate empirical methodologies to apply in order to resolve our research questions. This
gathering has the potential for being a landmark event in the field of statistical education. In 1984, the
Education Committee of the International Statistical Institute convened a Round Table conference on The
Impact of Calculators and Computers on Teaching Statistics (Råde & Speed, 1985). Among the
recommendations put forward were the following;
Educational research into teaching methods was needed to determine at what age and through what methods statistical
concepts can be effectively learned by children; the stage at which calculators and computers can best be introduced in the
teaching of statistics; for what statistical purposes calculators and computers are best suited; and how developments in
computers can affect statistical courses and syllabuses.
Educational research into programming methods was needed to determine the educational value of programming; the
extent to which program writing develops the logical and quantitative skills of children and students; and how statistical
packages can be developed, adapted and improved for school use.

It has been 12 years since this 1984 Round Table. We can now consider how much of this research
agenda still has to be met and set a new agenda for the next millennium.
One of the difficulties is that, compared to other pedagogies [e.g., mathematics education,
notwithstanding Hart’s (1996) comments at ICME-8 about the paucity of research in this field], statistical
education is in a relatively early stage of its development. Even when relevant research has been conducted,
statistical education specialists are only just beginning to be able to build on existing studies. The scope for
research has been so broad that we tend to expect a study to be a relatively one-off investigation. Gradually,
we need to build a tradition of a more synthesized body of literature, which will safeguard researchers and
practitioners from trying too many square wheels, or reinventing too many round (or square) ones!
Myth 7: People intuitively understand statistics and probability concepts
Although some people do seem to have a natural flare for statistics and probability, others find the
concepts to be illusive and counter-intuitive. There may be many reasons for this--some being more within
our control than others. It is worthwhile to remind ourselves of the types of misconceptions that prevail, as
well as to consider areas in which technology-based teaching seems to offer useful prospects. Biehler
(1995) has written more formally about the requirements of statistical education software from a teaching
point of view.

Misconceptions in the area of descriptive statistics
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Rubin, Rosebery, and Bruce (1990) observe that students have difficulties understanding what it means
for something to represent another thing. She draws a distinction between how a histogram is meant to
represent a sample accurately, and how a sample is meant to represent a population probabilistically.
Students who do not distinguish between these two types of representation expect sample = population. If
this turns out not to be the case, they believe that the experimenter made a mistake. This misconception also
leads students to assume that there should be no sampling error (i.e., no variability). Software is available
that provides visual evidence of sampling variability to counter this misconception.
Students’ personal beliefs about types of data may be a matter of judgment from situation to situation.
Sometimes, for example, their decisions to treat a particular variable as qualitative rather than quantitative,
or discrete rather than continuous, may be influenced more by the way in which the data have been
collected and recorded than by conventional views of the underlying distribution of possible data values.
Clearly, some variables provide for less uncertainty than do others, but age and income, for example, can be
difficult. Dynamic graphics allow students to compare representations and summaries obtained when they
adopt different assumptions. This may also encourage a more critical approach to statistical presentations.
Problems of inclusion and exclusion often occur when students have to deal with, or derive, percentages
in interpreting tables of data. Again, it may be helpful to have access to graphical software, or to software
that allows students to highlight different subgroups using a pointer and/or simple natural language
commands.
Some students find it difficult to make a distinction between observations on a variable and the
frequencies of those observations; thus, the students erroneously manipulate the frequencies instead of the
observations. Software that emphasizes the derivation of frequencies, and hence the distinction between
them and the original observations, is certainly within the scope of available packages, particularly those
that possess animation facilities.
In investigating understanding of the arithmetic mean, a common finding is that students mechanically
use an incompletely developed algorithm that fails to deal with weighted as opposed to simple arithmetic
mean problems. What is required is software that emphasizes functional properties rather than computation.
Likewise, the traditional emphasis on algorithmic approaches to the variance frequently leads to a
counterproductive focus on questions such as “Why squared deviations?” and “Why divide by ‘n-1’?”.
The mean deviation and the standard deviation are merely attempts to find a representative statement
about the typical amount of spread about the mean; the sum of deviations, ignoring their direction, and the
sum of the squared deviations, are statements that are meant to represent the overall amount of spread about
the mean. Software needs to emphasize these characteristics, and to show that the mean deviation and
standard deviation have a function of representation to serve, just as the arithmetic mean has. Appropriate
dynamic graphical software can be used to extend this understanding by alerting students to, and
encouraging them to explore, those characteristics of data (e.g., outliers) that may make either derived
statistic less than helpful, especially the standard deviation where squaring the distance from the mean can
seriously distort what is meant to be a typical value.
In general, the real world has more complexity than our teaching strategies usually acknowledge, even
allowing for the benefits of computers. As Gnanadesikan (1977) states:
Most bodies of data involve observations associated with various facets of a particular background, environment, or
experiment. Therefore, in a general sense, data are always multivariate in character. (p. 1)
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We are not presenting students with a sensible picture of the purpose of statistics if the tools that we make
them practice using so clearly fail to deal with the real world of many interacting variables. Graphical and
exploratory software provide ideal ways of solving this problem, and yet curricula and syllabi still
emphasize univariate and bivariate techniques.
Misconceptions in the area of probability
Many of the misunderstandings in probability occur because the language of probability is different
from our usual conversational language; however, it is not only at the pedagogic level that misconceptions
about probability exist. Shaughnessy (1992) and Kahneman, Slovic, and Tversky (1982) provide good
introductions to the research into other psychological misconceptions, such as the negative recency effect,
ignoring base-rate information, the representativeness fallacy, and so forth.
The concept of a random experiment is the fundamental notion on which probability is built. There are
two important aspects to a probability experiment: (1) formulation and (2) enumeration. There is the
description (formulation) of the experiment itself, and there is the identification of all possible outcomes
that constitute the sample space (enumeration). The source of many misconceptions can be traced back to
these two aspects of a probability experiment. If technology is going to assist with misconceptions in this
area, software is needed that can emphasize formulation, because if students misinterpret the statement of
the experiment they will end up working with an erroneous sample space. In general, we need more
emphasis on teaching students to construct (probability) models. Traditionally, we have overemphasised
their manipulation (see Green, 1982).
The equally-likely approach has conventionally been the natural starting point for the study of
probability. However, research has shown that people do not necessarily believe wholeheartedly in the equal
likelihood of equally-likely events. Also, the equally-likely approach is rarely adequate for modelling
events in the real world. Indeed, there are risks in overemphasizing this definition of probability. As Green
(1982) demonstrated, there is a danger that a student reared on an “equally-likely diet” will always attach a
probability of .5 to each of two mutually exclusive and exhaustive events based on any probability
experiment, irrespective of how different the events’ probabilities really are. The availability of good
simulation and bootstrap software should lessen the perceived need to rely so heavily on equal-likelihood
approaches, as well as offer possibilities for addressing real-life problems.
Subjective probability is a measure of a person’s degree of belief. Buxton (1970) emphasizes that a
subjectivist assigning a probability to an event does not ask “How likely is this event?” but rather “How
likely do I think this event is?”. Subjective intuitions do exist and may well conflict with more formal, or
objective, estimates of probability. Fischbein (Fischbein & Schnarch, 1995) argues that possibly the only
way of bringing subjective (mis)conceptions into line with reality is to challenge them openly with students.
Presumably then, we might be looking for software that not only gives students the experience of formal or
objective estimates of probability, but that also encourages them to compare and contrast such estimates
with their subjective intuitions.
Typically, a student who is beginning statistics enters the study of probability theory after being exposed
to arithmetic (and/or geometry) where ratio and proportion arguments are important. The student may
therefore try to import intuitive, but inappropriate, notions of proportionality into the study of probability.
Likewise, students who have taken a traditional advanced level (or high school) course in pure mathematics
will have covered counting methods under the headings of permutations and combinations, which are often
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presented as taking order into account and “ignoring order,” respectively. However, the ideas of counting
with replacement and without replacement may not receive the same attention. If technology is to help with
the ensuing misconceptions, software will be needed that can alert students to their errors. However, given
our awareness of such potential difficulties, it seems clear that our main objective should be prevention
rather than cure. Whether this involves (or is benefited by) technological approaches is a secondary issue
compared to establishing the general principles involved in prevention.
Falk (1988) identified three particularly intransigent areas of difficulty associated with conditional
probabilities: (1) the interpretation of conditionality as causality, (2) people’s tendency to condition on an
inferred event, and (3) the confusion of the inverse; that is, a lack of discrimination between the two
directions of conditioning, P(A|B) and P(B|A).
In considering any research of this kind (certainly not just that by Falk, for there are others who have
researched in this area, and adopted different descriptions for the misconceptions), we must ask whether the
researcher’s descriptions are appropriate, or whether they are the products of the researcher’s expectations.
If we are to establish optimal ways of overcoming misunderstandings, we need to understand them as fully
as possible. Technology may now present us with new, and more effective, ways of investigating the nature
of the misconceptions. Although this is not the main thrust of this Round Table, it is nevertheless relevant to
it and will hopefully receive some attention during the proceedings.
The normal distribution plays a dominant role in most basic statistics courses. If mishandled, it can
become the starting point for a range of misconceptions relating to probability distributions and statistical
inference, including those concerned with continuity corrections and the “magic” of the number 30 for
sample size. Again, knowing that there is the potential for misunderstandings suggests that to move forward,
we must prevent these misunderstandings from taking root. The use of graphical and interactive software
may be helpful in this respect. However, we must avoid conveying to students the idea that knowledge about
the statistical distribution itself is the final product of such investigations. Ideally, the software should enable
the students’ understanding of the normal distribution, for example, to be extended to its use in real world
situations.
There has probably been more empirical exploration of probabilistic than statistical misconceptions, but
the role of technology in resolving probabilistic misconceptions seems to be more ambiguous. There has to
be more to it than merely symbolic simulations of coin-tossing, probability distributions, and derivations of
the central limit theorem. Software that shows these in action in real world contexts is an exciting prospect
that has yet to be fully exploited, especially for nonspecialist students.
Misconceptions in the area of statistical inference
If used properly, examples of Taylor’s tool and tutor software can remedy the misconceptions that are
associated with statistical inference. Sampling can be simulated graphically to accommodate even the more
abstract interpretations of population that a statistician may adopt. Alternative representations, which
preferably can be viewed synchronously, allow distinctions and comparisons to be drawn between
population and samples, as well as their parameters and statistics. Students need not then be exposed to (and
potentially confused by) more philosophical debate about what constitutes a population or a sample.
The extension to sampling distributions can be similarly handled. Indeed, there is a plethora of software
to do just that, although the design characteristics are not always as good as they might be. We must,
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however, still address the issues surrounding the integration of such software into the overall teaching
program.
There are those who advocate that EDA methods can make the principles of statistical inference much
more accessible. Some (e.g., Ogborn, 1991) argue that EDA should be given prominence over classical
inference, especially for introductory or nonspecialist courses. Certainly, this could now be a viable
prospect. There are more examples of software that include a reasonable range of EDA tools than there
were in 1988 (see Hawkins, 1990).
What, then, is to be the role of classical inference with its difficult philosophical basis of hypothetical or
imaginary populations (the characteristics of which are first estimated and then compared, using odds
reflecting conditional probabilities that are open to misunderstanding) given that modern technology and
software is particularly good for exploratory and graphical approaches? Ironically, bootstrap techniques,
which have become more feasible with modern hardware and software, do provide easier ways of teaching
classical inference methods. Resampling experiments can be used to provide intermediate steps towards
acquiring an understanding of the principles of classical inference (see Simon, 1993.) This poses a dilemma
about the statistical curriculum; that is, should we stick with classical inference, but take advantage of
software to ease students’ learning? Or should we move to more EDA and graphical approaches?
In fact, there is a third alternative. Bayesian statisticians assert that classical approaches are not
particularly useful for students of statistics and that they can be replaced instead by Bayesian software [e.g.,
First Bayes (O’Hagan, 1996)]. Furthermore, there are those who advocate this approach for both specialists
and nonspecialists. Dawson (1995), for example, points out that it is unlikely that either of the axioms
“social scientists need statistics” and “social scientists do not need calculus” will be abandoned. He
suggests that the solution may possibly lie in the development of easy-to-use automated Bayesian inference
techniques, built into a user-friendly software package, so that a less philosophically convoluted style of
statistics may be taught to those who can use (but not program) a computer.
In designing a survey or an experiment, precision can, and should, be manipulated if statistical and
meaningful or practical significance are to be equated. Quite apart from convincing students that such
manipulation is not cheating, we encounter widespread confusion as to what precision means. For many
students, it is often semantically indistinguishable from accuracy. Graphical software is readily available that
allows students to experiment with the sampling process and to investigate the effect of biased, random, and
other methods of sampling on the estimates obtained. It is not clear, however, that such software is fully
exploited by all teachers who use it, because some teachers have misconceptions about the sampling process
themselves.
In fact, our students generally have information available to them on the relationship between sample
size and precision by the time they reach the level of Sixth Form work (age 17-18). Nevertheless, they do
not appear to appreciate its practical value in the preplanning stages of their projects. Their understanding
seems to be at a superficial or surface level rather than at a level where they could apply the principles they
have learned. Can technology address this problem? This is another case that serves to demonstrate that
resolving students’ misconceptions is not necessarily sufficient for making them statisticians.
Myth 8: Technology will solve students’ statistics and probability misconceptions
Technology may be able to help us find some solutions, but not until we have a better understanding of
the origins of those misconceptions and we have found optimal ways to address them. Even then, only some
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of the misconceptions that students have will be particularly amenable to technology-based prevention or
cures.
It is one thing to claim that more dynamic and interactive software can allow students to gain insights by
exploring and experimenting with statistical concepts. It is quite another to find empirical evidence of how,
why, and when these enhanced insights are gained. As statisticians, we are aware that the media, our policymakers, members of the general public, our students, and even ourselves on occasions, are prey to many
statistical and probabilistic misconceptions. Some of these misconceptions seem to be reasonably easy to
address. Research shows, however, that others remain deep-seated and resistant to change. In fact, it is not
only peoples’ misconceptions that we need to worry about. To be statistically literate, a person must have
not only reliable understanding, but also an inclination for using that understanding in everyday reasoning.
It remains to be seen how much the use of technology can solve peoples’ misconceptions, let alone
encourage them to modify their reasoning strategies at such a fundamental level.
CONCLUDING REMARKS
Certainly, computers and related forms of technology are here to stay--at least until they are supplanted
by some new form of technology. In general, software is becoming more flexible. Although there are
exceptions, available software is now geared more towards skills development and understanding, with less
emphasis on fact and definition teaching, or on rote practice of arithmetic computations, than was the case
in the mid-1980’s.
It is our task to identify priorities for a new research agenda, although the main areas outlined in the
1984 recommendations (Råde & Speed, 1985) may provide a useful starting point. Certainly, we should
now be in a position to consider two additional areas of meta-enquiry: (1) What are appropriate empirical
methodologies to apply in order to establish the role of technology in teaching and learning statistics? and
(2) What is the role of technology in such research?
Our research should be aimed at identifying a broad range of ways in which technology can assist the
teaching and learning process. Just as there is “no one right answer” to a statistical investigation nor is
there “one right way” to teach statistics, there may be many “wrong” ways! A variety of methods and
materials will always be a source of strength and benefit to both teachers and students, provided we have
insights into how to use the available resources.
What we can afford to be optimistic about is that the myth-conceptions about the role of technology in
teaching and learning statistics will cease to be misconceptions as current trends toward the amassing of
more empirical evidence continue, and our understanding of the processes involved increases.
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GRAPHING CALCULATORS: AN OVERVIEW
The world today is described as a world based on information (National Council of Teachers of
Mathematics, 1989), and reports on the rapid increase of information use figures such as “doubling every four
years “or “increasing exponentially. Technology is not only responsible for producing much of this information,
it is a critical tool in the way information is analyzed. Processing information often falls into the domain of
statistics, and, although statistics has recently become a part of the mainstream curriculum in the United States,
lessons are often focused on simple plots and finding standard measures of center, not on the task of processing
information into useful and meaningful statements that can aid in understanding situations and making
decisions. Recent developments in technology, including graphing calculators and statistics software packages
with simulation capability, have the potential to transform the statistical content in the curriculum and how this
content is taught.
In general, the potential for graphing calculators to radically change the teaching of mathematics is
enormous. On a voluntary basis, secondary teachers in the United States have embraced them as an exciting and
useful tool for the classroom. Hundreds of workshops are given each year, usually by teachers teaching other
teachers, where participants learn to use the spreadsheet functions, graphing capabilities, and the programming
logic of the calculators. The secondary mathematics curriculum has begun to reflect the changes made possible
by the calculator; for example, students study functions in great detail, collect and analyze data from scientific
experiments, and use programs to do complicated sorting and analyses. These changes also have an affect on the
statistics curriculum.
Technology makes statistics and statistical reasoning accessible to all students. Students can analyze data
numerically and graphically, compare expected results to observed results, create models to describe
relationships, and generate simulations to understand probabilistic situations in ways that would not be possible
without technology. Technology allows students to use real data in real situations. It also allows students to
move easily between tabular representations, graphical representations, and symbolic representations of the
data, and provides the opportunity to think about how each representation contributes to understanding the data.
Students learn to recognize that considering either number summaries or graphical representations alone can be
misleading.
The plots in Figure 1 were created from a dataset generated by John McKenzie from Babson College.
Number summaries alone of these data are misleading; in each case, the mean is 50 and the standard deviation
(SD) is 10. Graphs alone can also be misleading because of scale differences or modifications (de Lange,

15

G. BURRILL

Wijers, Burrill, & Shafer, 1997). Technology makes it possible for students to encounter examples where graphs
and numerical summaries or symbolic representations are used together to create a picture of the data.

50

50

50

50

Figure 1: Four possible histograms where mean = 50 and SD = 10
In the past, students produced numerical summaries such as the mean, mode, or range. Descriptions
consisted of statements similar to: "The mean wage was $300 per week. Most people earned $250." Making
plots was a tedious task, and calculating the SD seems to have been considered so complicated that it was not
taught in the United States until students were nearly finished with their formal schooling, if ever.
Consequently, students had little experience with variability and understanding its importance, with inspecting
distributions and understanding how they can have the same characteristics yet be very different, with looking at
alternative displays of the same data and understanding how they each reveal something new about the data, or
learning enough about the sampling process to trust conclusions based on random samples. Technology makes
these ideas accessible.
Technology not only helps students analyze data, it also enables students to grapple with and develop their
own understanding of important ideas. Students can estimate the ages of famous people and create a scatterplot
of estimated age and actual age. To answer the question, "Who is the best estimator?" students must quantify
their thinking (e.g., by counting the number correct, minimizing the total difference between the estimate and
the actual value, or overestimating and underestimating in equal measures). Students confront the reality of
outliers and discuss the appropriate choice for a summary number. They come to understand the impact of their
choices on their final decision--much the way statistics is used in making other, and more important, decisions.
Technology allows students to do old things in new ways that enhance concept development and student
understanding. Technology also allows students to do things that were not possible before. The focus of this
paper is on five areas in statistics at the secondary level that have been affected by technology in either of these
ways (i.e., doing old things new ways or doing new things): introductory data analysis, linear equations, least
squares linear regression, sampling distributions, and multivariate regression. The discussion assumes that
students have had some hands-on experience tossing coins or dice or sketching plots to help them understand
the process before they use the technology. The problems were developed using a graphing calculator, but
computer software packages can do the same analysis. The advantage of the calculator is that every student can
have one for use at any time and at any place at a much lower cost.
A classroom experiment
The following lesson can be done in a class where every student or pair of students has a graphing calculator.
It exemplifies the way using a graphing calculator can enhance student understanding and concept development.
The lesson is a standard lesson that introduces single variable techniques through a class data collection activity
focused around the question: How much change (pocket money) do people in class carry with them? As
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students report the amount of change they have in their pocket or purse, they enter the data for males and
females into separate calculator lists that behave like a spreadsheet. By merging files, students can produce a
histogram (see Figure 2) of the data and think about the representation before they begin to calculate numerical
summaries.
In this example, students observe that the data are skewed, with most people having less than $.50 in change
with them. There appears to be at least one extreme--someone who had between $7.00 and $7.50. By using the
cursor as a balance point (see Figure 3), students can estimate the mean amount of change. They can also
estimate the percent of people who have less than $1.00 (approximately 25%) or more than $5.00
(approximately 10%). By thinking this way, students are developing a foundation for thinking about area as a
measure of probability.

Figure 2: Class change data

Figure 3: Cursor as balance point

The mean (181.63) and median (136) are quite far apart, which should cause students to consider how this
was represented in the distribution and about the variability in the data that this difference represents. Students
might be asked to experiment with data and plots using their calculators to produce a distribution where the
mean and median are the same.
Before spreadsheets, students pushed a button that produced the SD, a number not well understood and so
tedious to find by hand that the meaning got lost in the calculations. Students can now use list functions to find
the “typical” difference in the amount of change from the mean of $1.81. Figure 4 shows that each individual
difference is calculated in L2. Note that although the calculator does the work, the students see the results.

Figure 4: Screen display

Figure 5: Screen display

The list displays negative differences (see L2 in Figure 5); when students find these differences by hand,
they tend to ignore order and use the positive difference. When the list is squared to eliminate the negative (L4),
an inspection of the values reveals the largest squared difference of 287,689, which was produced by the outlier
of $7.18. (It is important to have each person identify their own “squared difference” to make this point very
meaningful.) The contribution of this large value to the typical difference from the mean is apparent. Without
actually being told, students are thinking about variability and SD. Once students have had some informal
experience with how the SD is calculated and what it represents, they can be introduced to the symbol for
standard deviation (σ) and value calculated in the stat calc menu (see Figure 6). They can also explore a formal
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definition of the term “outlier” to determine whether $7.18 is actually an outlier. A boxplot of the data (Figure
7) shows a five-point summary of the amount of change carried by the class.

Figure 6: Stat Calc menu

Figure 7: Boxplot to demonstrate an outlier

Technology allows students to experiment with data. They can estimate the impact on the average squared
difference (variance) if the outlier is removed, then check the actual result by altering the lists and recalculating.
(A replay key on the calculator makes this very simple to do.) Students can investigate relationships between
different categories within the data. To investigate whether there is any difference in the amount of change
carried by males and females, the students can create parallel boxplots (see Figures 8 and 9). Technology allows
students to move from constructing plots to thinking about the information that the plots convey. Students can
consider questions, such as (1) Describe the difference between the amount of change carried by males and by
females; (2) What do you think a histogram of the amount of change for females would look like? (3) Why is
the $7.18 not an outlier in the box plot for the change carried by females?
Students can transform the data (e.g., by giving $.50 to each person or by assessing a 10% tax) and
investigate the change in the statistical summaries and in the distributions. They can adjust the width of the
intervals in the histogram to see how this changes the distribution and its interpretation. Students can investigate
the connection between numerical summaries and graphical representations (using the cursor to estimate the
mean), which can also be done without a graphing calculator. However, students then need access to a
computer, otherwise the computations and plots must be done by hand. The sheer amount of time this involves
precludes any investigation and often interferes with understanding. Technology provides students with new
ways to think about data and to investigate options in describing and graphing data. It enables students to build a
statistical “number sense.”
Male
Female
Class

Figure 8: Male and female data

Figure 9: Adding class data

Lines and algebra
Graphing calculators also enable students to explore linearity in a different way. In most traditional algebra
work, students explore lines that are determined: "Given two points, write the equation of the line" or "Find the
equation of the line graphed in the plot." Because students can easily plot actual data when they are using a
graphing calculator, the introductory work with the equations of lines can be with real data and lines that are not
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predetermined (Burrill & Hopfensperger, 1997). The plots illustrate the difference between a deterministic
equation, given by y = 3x + 8 (Figure 10), and a data-driven equation that could take on several equally
legitimate forms that each describe the relationship between the calories in certain fast foods and the amount of
calories from fat in those foods.

f = .6c-50
y = 3x + 8

Figure 10: y = 3x + 8

Figure 11: f = .6c - 50

Students can fit different lines and think carefully about the criteria for determining a "good fit." A toothpick
can be placed on the points depicted on the screen of a calculator to find a variety of linear equations (see Figure
11). The slope of an equation has meaning within the context; for example, the slope of .6 would represent an
increase of 6 calories from fat for every increase of 10 calories. To check their line, students can find the
difference between the actual number of calories and the number of calories predicted by the line for individual
fast food items. Essentially, they are finding residuals to measure the "goodness of fit" of each line. Building on
the work done with the SD, students can find the squared differences between observed values and predicted
values (Figure 12). The list function allows students to quickly produce these calculations and find the sum of
the squared residuals (Figure 13).

Figure 12: Squared differences

Figure 13: Sum of squared residuals

(Some students may choose to use the sum of the absolute residuals, which is appropriate at early levels; the
difference between squared and absolute residuals can be explored as students’ mathematical background is
developed.) By experimenting with the slope and intercept, students can find equations that will produce smaller
and smaller sums of squared residuals. The use of graphing calculators makes it possible to introduce, at least
informally, statistical concepts such as the residual and the sum of squared residuals into standard mathematics
content early in secondary school. Students can study lines and linearity in new ways, relate the slope to
meaningful contexts, and begin to internalize the fact that the vertical distance between a point and a line
describes a difference in the y-values.
Sampling distributions
In addition to exploring data in new ways, technology can affect how students come to understand the
process of sampling. Random number generators are valuable tools in allowing students to explore probability
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ideas through simulation (Scheaffer, Swift, & Gnanadesikan, 1988). Coupled with list and sequence features,
random number generators allow students to easily produce and explore sampling distributions. Students now
have the opportunity to create sampling distributions for a statistic from a given population, which will help
them understand that the behavior of a statistic in repeated samplings is regular and predictable. It is often
difficult for students to understand that something that is random can, indeed, have regularity.
A typical class problem might be the following: Suppose that the percent of women in the workforce is 40%.
About how many women would you expect to see in a sample of 30 randomly selected workers? Using the
random binomial generator, students can quickly compile a sampling distribution of 50 samples of size 30; this
can be done repeatedly (Figure 14).

Figure 14: Sampling distributions
Initially, the results of the repeated sampling do not look similar, but some general observations can be
made. For example, to find less than 6 or more than 19 women workers in a sample of 30 seems highly unlikely,
and the mean or balance point is approximately 11 or 12 in each distribution. Students can construct 90%
boxplots, which are boxplots that contain at least 90% of the outcomes. These can then be compared for the
different sets of samples (see Figure 15).
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21

Figure 15: 90% boxplots for samples of size 30, p = .4
The transition from a specific context (women workers) to a general pattern is not obvious to students.
Initially, many students treat each situation as a separate problem and carefully reproduce the simulation, but as
they continue to investigate comparable situations, they begin to make some generalizations. They gradually
recognize that the following two problems are essentially the same as the women in the workforce problem:
40% of the people in the community subscribe to the daily newspaper. In a sample of 30 people, how many
newspaper readers would you be likely to find?
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40% of those who marry before the age of 25 are divorced by age 40. In a sample of size 30 from this
population, how many divorced people would you be likely to see?

As the contexts change, students can see that the outcomes depend only on the population proportion and the
sample size (Hirsch et al., in press). They learn that changing the population proportion yields a very different
distribution (Figure 16) and recognize the effects on the distribution of increasing the sample size (Figure 17).
(For samples of size 30, the likely results span approximately 11 out of 31 possible outcomes; for samples of
size 50, the likely results span 14 out of 51 outcomes; the proportion of the total range decreases as the sample
size increases.) Students can also generate the distributions for an increasing number of samples and see how
the results converge to an expected shape for the distribution and to an expected mean (Figure 18).
p=.4, sample
size=50

P=.6, sample
size=30

Figure 16: Sampling distribution
for p = .6, sample size = 30
mean=12.42

50 trials

Figure 17: Sampling distribution
for p=.4, sample size = 50
mean=12.16

mean =11.7

100 trials

500 trials

Figure 18: Sampling distributions for p = .4, sample size = 30
As background for the central limit theorem, students can continue to investigate the sampling process by
drawing samples from a given population and studying the characteristics of the resulting distributions. The
calculator routine involves the sequence command as well as the random number generator. Consider the pocket
change example presented above. The calculator will randomly select 8 people from the list, calculate the mean
amount of change for those 8, and store the mean in a new list (L2). Figure 19 shows this process and the
distribution as the number of samples (of size 8) increases from 25 to 50 to 100. The mean of the first sample is
stored in L2(1), the second in L2(2), and so on. The first command is:
seq(lChang(randInt (1,30)), x, 1, 8 , 1) -> L1: mean(L1) -> L2(1).
Using the replay key to change the storage position for the mean from the second sample yields:
seq(lChang(randInt(1,30)),x,1,8,1) -> L1: mean(L1) -> L2(2), and so on.
(Note that the mean of the original data is 181.6.)
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mean=208.54

25 samples

mean=193.23

50 samples

mean=186.62

100 samples

Figure 19: Distributions for samples of size 8
A graphing calculator allows each student to observe the results of the random sampling process. They
observe that patterns do exist and learn to trust that the process will, if done properly, always produce these
patterns. Conclusions based on random sampling can be quantified with some degree of certainty and can be
trusted to paint the general picture of a situation. Simulations and this kind of reasoning can also be used to
develop student understanding of confidence intervals (Landwehr, Swift, & Watkins, 1987).
Least squares regression
Technology allows us to teach statistics at the secondary level that in the past was not part of the curriculum.
Graphing calculators have provided a platform for working with paired data in many new ways. Calculators that
have menus with regression models to describe relationships in paired data have changed not only the statistics
taught to students in secondary schools but also the content of mathematics courses and texts. Almost every
current text that deals with algebra has a section on curve fitting, unfortunately often done in inappropriate
situations with little attention paid to underlying concepts. Students are blindly fitting models to data, excited
about obtaining better fits as the degree of the polynomial increases, with no understanding that for eight data
points, a seventh degree polynomial will fit exactly. The mathematical understanding necessary to understand
the process is lagging behind the power of the technology .
Because they integrate tables, graphical representations, and number summaries, graphing calculators can be
used effectively to help students understand what least squares linear regression is and how it behaves. Table 1
contains information on the top 10 films for the weekend of February 28 to March 1, 1992 from Variety (Burrill,
Hopfensperger, & Landwehr, in press) The "box office revenue" column is the amount of money that the movie
grossed in units of $10,000. Figure 20 shows a plot of the data..
Students explore finding an equation to model a linear relationship between the number of screens and box
office receipts using the smallest sum of squared residuals as their criterion. They can fix the point (mean x,
mean y) or (1418 screens, 375 $10,000 in receipts) and investigate the sum of squared residuals for slopes of
different possible lines containing this point (Figure 21). This can be done easily by using the list labels and
changing just the slope, and recording the corresponding sum of squared residuals. Note that a slope of .3
reduces the sum of squared residuals to 5,927,343 (Figure 22).
As a group, students can input the slopes and sums of squared residuals on their calculators and plot the data
(Figure 23). The quadratic pattern is usually a surprise. Students use their knowledge of parabolas to find the
minimum point and, thus, the slope that will have the least sum of squared residuals (Figure 24). According to
this investigation, a likely candidate for the line that produces the least sum of squared residuals would have a
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slope of .33 and contain the point (1418, 375): B = 375 + .33(S-1418) where B is box office receipts in $10,000
and S is the number of screens.
Table 1: Movie income

Film
Wayne's World
Memoirs of an Invisible Man
Stop or My Mom Will Shoot
Fried Green Tomatoes
Medicine Man
The Hand That Rocks the Cradle
Final Analysis
Beauty and the Beast
Mississippi Burning
The Prince of Tides

Number of
Screens
1878
1753
1963
1329
1363
1679
1383
1346
325
1163

Box Office
Revenue (x $10,000)
964
460
448
436
353
352
230
212
150
146

Source: Entertainment Data Inc. and Variety, 1992

Figure 20: Scatterplot

Figure 21: Possible fitted lines

Figure 22: Screen displays for squared residuals

Figure 23: Data plot

Figure 24: Minimum point
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Students can continue the investigation by fixing the slope and varying the point. With appropriate graphing
software, they can also vary both the slope and intercept to produce the least sum of squared residuals in a threedimensional plot. A graphic representation of the least squares regression line can be found by using dynamic
geometric software. As students change the slope or the y intercept, the squares change size, and the table values
will produce the sum of squares for each new line (Figure 25). The least squares regression line is thus the line
that produces the smallest sum of squares.

y-intercept = 0.78
slope = 0.27

y-intercept

y-intercept

slope

sum of squares

0.86

0.27

0.75

1.21

0.27

2.52

0.78

0.27

0.57

Figure 25: Least squares regression line
Correlation and graphs
A corresponding new topic in secondary statistics is the emphasis on correlation. The correlation coefficient
is produced as a companion statistic to most of the regression models on the calculator. The integration of
graphical representations and numerical calculations can provide students with real understanding of what the
correlation coefficient indicates about a dataset--and what it does not. Correlation is a measure of the strength of
the linear relationship between two variables. If knowing something about one variable helps you know
something about the other variable, the correlation will be strong and close to either 1 or -1. There is a useful
mathematical relationship relating the two variables that will help predict one from the other. If knowing
something about one variable does not help explain the other, the correlation will be close to 0. In the long run,
you will be better off using the average values instead of trying to use one to predict the other.
The critical factor in using correlation is to begin with the plot and decide first whether it is even reasonable
to explore a linear relationship for the paired data. With calculators, it is easy to create the plot and look at the
relationship before making any claims about the strength of r, the correlation coefficient. Table 2 provides the
data used in Figure 26. This example is provided without a context, which strengthens the argument for being
careful about correlation and helps students understand the power and the limitations of the correlation
coefficient. The graphing calculator produces "r" or "r2 " automatically. Some thoughtful investigations are
necessary to help students understand how to use r as an appropriate tool in the curve fitting process.
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Table 2: Correlation data

I
1.0
1.5
2.0
1.4
2.3
1.0
0.2
0.8
2.6
2.1
30.0

II
2.0
2.3
2.5
0.3
2.6
1.8
1.9
0.7
1.0
0.2
45.0

y = 6.5609 + 2.5819x

III
1.0
2.0
4.0
6.0
8.0
10.0
15.0
20.0
25.0

IV
5.0
9.0
17.0
25.0
33.0
41.0
61.0
2.0
101.0

V
3
5
7
8
12
15
20
22
25

VI
18
15
20
24
22
28
31
30
36

X
16
9
4
1
0
1
4
9
16

R^2 = 0.453
y = - 0.69775 + 1.5139x
50

120
100

R^2 = 0.989

40

80

30
II

60
40

20

20

10

0
0

5

10

15
III

20 25

y = 14.236 + 0.81944x
40

0

30

0

10

20
I

30

40

R^2 = 0.903
20

35
30

15

25

10

y = 6.6667 + 0x

R^2 = 0.000

-6

2

X

VI

IV

IX
-4
-3
-2
-1
0
1
2
3
4

20

5

15

0

10
0

5

-5

10 15 20 25 30
V

-4 -2

Figure 26: Correlation analysis
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Multivariate regression analysis
Another example of an area of statistics that is now possible for students to learn because of access to
graphing calculators is multivariate regression analysis. This topic has rarely been considered appropriate for
secondary students, but is indeed manageable, and can be understood if the computations are carried out by a
graphing calculator, particularly a calculator that converts list data into matrices. The Scholastic Achievement
Test (SAT) is commonly administered in the United States to students entering the university from secondary
school. The results are reported in two categories--mathematics and verbal--which can be used as possible
indicators of student success at the university level (Witmer, Burrill, Burrill, & Landwehr, in press). The task is
to use these two variables, SATM (the mathematics score) and SATV (the verbal score), to predict university
grade point average (GPA) (see Table 3).
Table 3: College grade point average and SAT scores

Student number
GPA
1
3.58
2
3.17
3
2.31
4
3.16
5
3.39
6
3.85
7
2.55
8
2.69
9
3.19
10
3.50
11
2.92
12
3.85
13
3.11
14
2.99
15
3.08
Source: Oberlin College, 1993

SATV
670
630
490
760
450
600
490
570
620
640
730
800
640
680
510

SATM
710
610
510
580
510
720
560
620
640
660
780
630
730
630
610

Building on their knowledge of least squares regression, students can find the least squares model for
(SATV, GPA) and find the sum of squared residuals for that model. The result is the predicted GPA in terms of
^
the verbal score GPA
V = 1.97658 + .001906V or in terms of the actual GPAs, the estimate plus the "error,"
^
GPA = 1.97658 + .001906V + r V = GPA
V + r V. The "error" or residual term, rV, represents the part of GPA
that is not explained by V (the SAT verbal score) in the regression model.
It seems reasonable that GPA would depend on both SATV and SATM, probably with some additional error;
that is, GPA = f(V) + h(M) + e for some functions f and h. Thus, f(V) = 1.97658 + .00l906V predicts GPA with
error " rV." Think of h(M) + e as rV. This indicates that the residuals from using the verbal score to predict
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college GPA can be explained by M, the math score, or rV = h(M) + e. Thus, to find rV, fit a regression line to
(SATM, rV), and you will get an equation predicting rV, ^r V = -.52546 + .00083 M. Thus, combining both
math and verbal scores to predict GPA:
^
GPA
V M = 1.97658 + 0.001906V + rV
= 1.97658 + 0.001906V + -.52546 + 0.00083 M
= 1.45112 + 0.001906V + 0.00083 M
^
However, the equation to predict GPA, GPA
V M, still has error: GPA = 1.45112 + .001906V + .00083 M +
rvm . To explain rvm , you have only V and M as available variables. You can write rvm as a function of V and
find the regression for (SATV, rvm ) to see whether this will improve your model by checking the sum of
squared residuals. The iteration continues, with the sum of squared residuals decreasing until it eventually
converges to the smallest sum of squared residuals possible.
To demonstrate the validity and power of the process, students can also begin with (SATM, GPA) and reach
the same conclusions. This method is based on least squares linear regression. Another method involves
matrices: The problem can be stated as b0 + b 1 M + b2 V = GPA for coefficients b 0, b1 , b2. Written as a matrix
system this would be :

[

1 VM

 b0 
^
b
] •  b 1  = [ GPA ] or Xb = Y
 2 

“Solving” the system using some knowledge of matrix procedures, particularly of the transpose, yields
b = (XTX) -1XTY. The SAT data can be moved from the list menu to matrices, and the formula for b yields:
^
GPA
= 1.528859829+ .00140995371M+ .0011918744 V (see Figure 27).
The matrix method is independent of the number of independent variables involved in making the prediction
and gives students a procedure that can be used to find a regression model for any situation, as long as there is
reason to suspect some correlation. Without the aid of the calculator, this would indeed be beyond the scope of
students at the secondary level.
.

Figure 27: GPA equation
What can be eliminated
Some processes and procedures are no longer necessary because technology has made them obsolete.
Alternate formulas created to help in the computation of certain statistics such as the SD or correlation are no
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longer critical. Certain computations such as Σxy as tools for calculation are no longer of major importance.
These formulas are useful for thinking about the mathematics underlying the relationships, but are no longer
needed as part of the mainstream content. Technology that can sort and order allows median-based measures to
assume roles in analysis as opposed to the past concentration on mean-based techniques, which were primarily
used because of the relative ease of calculation. Previously, counting and sorting had to be done by hand and
were almost impossible to do with large datasets. Because technology allows investigations of a variety of
distributions, many of them discrete, it is no longer necessary to place as much reliance on the normal
distribution and the many assumptions that must be made in order to use it correctly.
According to Rossman (1996), there are three basic uses for technology. First, technology can be used to
perform calculations and present the graphical displays necessary to analyze real datasets, which are often large
and use “messy” numbers. Second, technology can be used to allow students to conduct simulations, which let
them experience the long term behavior of sample statistics under repeated random sampling. Third, technology
enables students to explore statistical phenomena. Students can make predictions about a particular statistical
property and then use a calculator to investigate the predictions, and then revise the predictions and iterate the
process as necessary. Students can use calculators to investigate the best fitting lines, the effect of outliers, and
the effect of sample sizes on confidence intervals. The goal of these uses, however, is to use statistics to turn
information into knowledge. Statistics, enhanced by technology, can make the difference. In the words of T.S.
Eliott (1971), "Where is the knowledge that is lost in information?" (p. 96).
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3. DEVELOPING PROBABILISTIC AND STATISTICAL REASONING
AT THE SECONDARY LEVEL THROUGH THE USE OF
DATA AND TECHNOLOGY
James Nicholson
Belfast Royal Academy

INTRODUCTION
Technology offers an end to the tedious and laborious computations in data analysis, but it also offers
the possibility of a total lack of feeling for what is being done in the analysis, and a blind assumption that if
the computer or calculator has done it then it must be right.
However, we can make use of technology, and realistic datasets, to enlarge our students’ horizons in
various ways.
•

We can provide students the experience of how random random events are; for example, by having
students analyze large datasets, conduct simulations, and generate samples from large distributions. We can
use realistic datasets with students throughout the secondary level to develop their critical evaluative skills
over a period of time.

•

We can give students experience on which to build their intuition about what is going on in some of the
sophisticated and some of the not so sophisticated analyses that the technology will do for them. We can
illuminate some difficult concepts, including some in which the initial effect of using technology is often
to produce misconceptions.

I work with students ages 11 - 18 in a selective (grammar) school of about 1,400 students. In November,
1995, my classroom was equipped with a computer and LCD panel, which has enabled me to use a dynamic
blackboard during lessons and in the computer lab. This has been particularly useful because of the
constraints on getting to a computer lab, which have been very busy with scheduled Information
Technology and Computer Studies classes. As of September, 1996, I hope to have better access to a lab,
because another lab is being created that will not have regular classes scheduled in it, but will be available
for booking on a week-to-week basis. However, the Information Technology class is identified as a crosscurricular theme in the Northern Ireland curriculum; thus, all subjects have Information Technology classes
and so the demand on a computer laboratory could be very high in a school the size of the Academy.
CRITICAL EVALUATION
Statistical packages and straightforward spreadsheets now offer very powerful charting facilities that take
the hard work out of the presentation of information in graphical form. In EXCEL, which produced the
charts used in the illustrations below, the Chart Wizard facility allows a chart to be drawn with virtually no
effort--highlight the section of data to be presented; click and drag to position and size the chart; and then
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answer a series of questions as to the type of chart, whether the data is in rows or columns, and how the data,
axes, and chart is to be labeled. By doing this, EXCEL produces a wonderfully professional looking graph;
however, EXCEL does exactly what you tell it, and cannot tell if the data makes sense, or if the type of
graph chosen is appropriate. Somehow we need to develop in the students, at an early age, a critical faculty
to evaluate different forms of presentation, so that they can reject those that are definitely inappropriate and
select the most informative graph when there is more than one appropriate possibility.
The charts shown here all relate to the simple dataset shown in Table1, which reports the sources of
revenue for a Rugby Club over the first quarter of the year. Figure 1 shows this in the form of a threedimensional comparative bar chart. Figure 2 is a two-dimensional stacked bar chart. Figures 3-6 report the
four sources of revenue as pie charts. One problem becomes immediately apparent when looking at the
four pie charts together--all of them have one sector representing 50% of the dataset. One would like to
think that anyone drawing these would be struck by the visual pattern and question why this is so. Note that
it is a trivial matter to go back into the chart wizard to use only the first three columns of figures. Even with
a set of four pie charts presented as in Figures 3-6, many students do not query its appropriateness. If only
one pie chart is used, then very few students feel that there is something wrong. The stacked bar chart in
Figure 2 has already made this adjustment--only the first three columns are needed because the fourth
column is represented by the overall height of the bar in each case.
Table 1: Sources of revenue for the rugby club

Advertising
Sponsorship
Ticket Revenue
Totals

Jan
750
1150
2450
4350

Feb
500
1200
2050
3750

March
800
1200
3200
5200

Total
2050
3550
7700
13300

Sources of income
14000
12000
10000
8000

Advertising

6000

Sponsorship
Ticket revenue

4000

Totals

2000
0
Jan

Feb

March

TOTAL

Months

Figure 1: A three-dimensional comparative bar chart
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Sources of income
14000
12000
10000
8000

Ticket revenue
Sponsorship
Advertising

6000
4000
2000
0
Jan

Feb

March

TOTAL

Months

Figure 2: A two-dimensional stacked bar chart

Advertising

Sponsorship

Jan
18%
TOTAL
50%

Jan
16%

Feb
12%

TOTAL
50%

Feb
17%

March
20%

March
17%

Figure 3: Advertising revenue

Figure 4: Sponsorship revenue
Totals

Ticket revenue
Jan
16%
TOTAL
50%

Jan
16%

Feb
13%
March
21%

Figure 5: Ticket revenue

Feb
14%

TOTAL
50%

March
20%

Figure 6: Total revenue
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The experience of using these tools can help develop critical faculties, provided that the environment for
exploring with them is reasonably focused, particularly when a student is just beginning to use them. There
is no need for the datasets to be complicated; indeed, I think there is a great deal to be said for using
extremely simple datasets like this one when the most basic principles are being assimilated. The age at
which the students are able to comprehend the dataset needs to be considered carefully, because if we
present complex datasets that are beyond the students’ comprehension, they have no way of evaluating the
presentation of the chart.
In the past, I have found that a large number of students attempting to study statistics at a more advanced
level have found it difficult to provide adequate interpretations of their results within the context of the
problem situation. I would expect that students who have had experiences such as those described above,
while they are still young, would become better communicators of formal statistical conclusions, but this is
an area where I think there is a need for further research.
ORAL PRESENTATIONS
Many students seem to feel that interpreting datasets is very difficult. They look for subtle nuances and
ignore the glaringly obvious, or they confuse correlation with causation. Encouraging students to present
their conclusions to their peers, and using technology to instill confidence in the look of their presentation,
whether it be oral or in a poster format, both help students gain an understanding of how to communicate
in statistics.
In my third form (Grade 9) class, students had to conduct a statistical investigation. They were given
some possibilities, but were encouraged to choose their own. The students’ choices ranged from
investigations of videos to examination marks, some used secondary data and others collected their own
primary data. The group of students were in a high academic stream, by general ability, with quite varied
motivation in mathematics. I chose the investigation outlined below as the first to be reported back, and we
then discussed its merits as a group.
This investigation used fairly simple statistics, such as correlation, and involved virtually no calculations.
The computer did all the work in constructing the scatterplots. The students collected the data from cards
and entered it into the database. They were then able to explore what the data said--the reality of the
context to them and the relative simplicity of the data meant that they could communicate meaningfully
what they found. Even those in the class who had virtually no prior knowledge of basketball (which was the
majority, especially among the girls) could understand the conclusions, and actually learned something
about the game from hearing the presentation.
The Tabletop software program (Hancock, Kaput, & Goldsmith, 1992) offers an extremely powerful
medium in which students can explore multivariable contexts at a fairly young age. The visual
representation allows them to deal qualitatively with the interrelationships, and to develop an intuitive
understanding of the distinction between correlation and causation. The analysis of a situation that students
choose for themselves, and are interested in, provides a framework in which many of the “big ideas” in
statistics can begin to develop naturally.
In this very simple investigation, the boys proposed to compare different players in the American NBA,
which is now televised in the UK on Channel 4 and on satellite. Their initial idea was that height would be
the major factor in the players’ performance. They collected raw data on 40 players, choosing 15 guards,
15 forwards, and 10 centers, entered the data into the database, and then investigated the relationship
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between the various summary statistics that are part of American sport culture. Using an overhead projector
with an LCD panel connected to the computer, they presented the conclusions from their investigation to
the rest of the class.
They began by explaining the composition of a five-man basketball team (2 guards, 2 forwards, and 1
center) and showed the database they had constructed. In their first slide (see Figure 7), they showed that
the correlation between height and average number of points was positive, but weak, and concluded that
factors other than height were involved in a player’s performance. The grouping of the symbols that show
the players’ positions was commented on and also in their next slide (not reproduced here), which showed a
negative correlation between the height and number of assists.

Figure 7: Scatterplot of height and average number of points for each position
Reference to the role of the different positions in a basketball team, and the different height distributions
of the different positions, offered a causal explanation of the correlation observed through the relationship
of these two quantities to the third quantity (position). Similar treatment of the scatterplots of assists & steals
(see Figure 8) and blocks & rebounds developed the understanding of the roles of each of the positions.
I am just starting to explore the possibilities that Tabletop offers for conducting multivariable analyses.
Figure 9 shows a scatterplot of lifespan and thorax length from the Fruitfly dataset (Hanley & Shapiro,
1994), which has 5 sets of 25 observations in a designed experiment looking at sexual activity and the
lifespan of male fruitflies. Tabletop uses icons, which you can design yourself, to represent individual
records. Here, five different icons were used to identify the five sets. The two experimental groups, in which
the male fruitflies were supplied with either one or eight virgin females, are labeled with x followed by the
number of females. The three control groups, who were supplied with no females or with newly pregnant
females, are labeled with a small black square, followed by the number of females. Techniques such as
analysis of variance and multiple regression are appropriate for a full investigation of the results of this
experiment. However, a good deal of information can be seen informally from the groupings in Figure 9
and in the boxplots in Figure 10, which shows the five groups separately (the visual impact of the scatterplot
is considerably greater when viewed in Tabletop, with different colored icons).
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Figure 8: Scatterplot of assists and steals for each position
Discussion of these figures drew out some important ideas. Examining the five groups showed that the
two experimental sets had a lower distribution than the corresponding control groups, but there was
considerable overlap between all groups; thus, it would not be possible to make an inference about which
group a fruitfly came from by examining its lifespan. By examining Figures 9 and 10, the students
concluded that the factor being controlled here is not the only influence. This generated debate that
centered around the distinction between association, which they could see, and causation, which they had no
backgound knowledge to determine the direction of. Interestingly, there was an inherent understanding in
this context that the variation between fruitflies within a group was the result of other factors, rather than
“errors,” which the language of formal regression studies pushes them toward.
UNDERSTANDING VARIABILITY
One of the biggest difficulties I encounter in teaching statistics to students or in discussing the teaching
of statistics with mathematics teachers who do not have much statistical background in their training, is the
underestimation of the amount of randomness that there is in random events. I see various ways in which
technology can help in developing a more accurate intuition concerning randomness, by providing an
experience-based frame of reference within which intuition can operate.
We all experience random events--even 11 and 12 year-old students have familiarity with it from their
experience in playing games of chance. They do not experience it in any systematic way, however, and
misconceptions such as “six is the hardest number to throw” are observed. The process of systematically
collecting observations from random events such as throwing dice, or tossing a number of coins, is a fairly
tedious and time-consuming one, but I think that the collection of data in a context that the pupils can
easily relate to is worthwhile. However, technology can be used in two ways here to take some of the
drudgery out of the process.
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Figure 9: A scatterplot of lifespan and thorax length from the fruitfly dataset

Figure 10: Boxplots of experimental and control groups in the fruitfly dataset
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The graphs in Figures 11 and 12 show data that was collected by a Form 1 (Grade 7) class. Each pupil
recorded the scores on 100 throws of a die. The throws were actually recorded in order of occurrence so
that we could also analyze how often runs of 2, 3, 4, … of the same number happened. The totals for each
pupil were entered into a spreadsheet. The students then grouped sets of six pupils together, and then
grouped the entire class together. Figure 11 shows the first four pupils’ results, and four groups of six
results are shown in Figure 12. By being able to see the variation in individual results for a substantial
number of cases and also for larger groups, an understanding of the way the proportions observed behave
as larger groups are taken can be fostered over a period of time. The various individual student graphs and
the graphs of the grouped results are displayed in class and are referred back to at various stages later in the
course when we are dealing with variation again.
Consideration of the rate of occurrence of single numbers and runs of 2, 3, 4, … develops an
understanding of the problems involved in estimating unknown probabilities--with 100 throws each, the
students think they have a lot of data. The theoretical proportions are 83% for singles, 14% for runs of two,
2% for runs of three, 0.4% for runs of four, and in a class of 29 pupils it would be unwise to bet against
getting at least one run of five or more. Table 2 shows the distribution of the lengths of the runs obtained
by eight students using a fair die; there is considerable variation in the observed distributions collected by
the students. The students did not know what the theorectical distribution was for this situation, and the
variation in the observed results provided the basis for a lively discussion of what the true proportions
actually are.
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Figure 11: Dice throwing results for four different students
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Figure 12: Results of dice throwing for four groups of six students each
Table 2: Lengths of runs observed using a fair die

RUN
David
Emer
Keith
Ryan
Laura
Carole
David
Jenny
TOTAL

1
67
76
48
58
75
63
79
64
530

2
15
9
18
11
8
14
9
12
96

3
1
2
4
2
3
3
1
4
20

4
0
0
1
3
0
0
0
0
4

This also works well with a biased die, but I find one advantage of the proportions of lengths of runs is
that with guidance the theoretical distribution is easy for the class to derive and check against the
distribution of the pooled results. The discussion following this exercise can be lively, as I have already said,
and for many pupils the actual results are the main, if not the only, focus of attention. However, some pupils
begin to show a qualitative understanding of some of the principles of interval estimation. Certainly, the
entire group displays an enhanced grasp of the principle that relative frequencies of observations provide
estimates of the probabilities of events occurring.
SIMULATIONS AND OTHER ELECTRONIC AIDS
The process of generating random data is one that can be done very efficiently using an electronic
medium such as a graphical calculator or a computer program. However, I find that some students find it
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hard to accept initially that the medium accurately models the “real thing.” They often have poorly
formed ideas of how randomness behaves. For example, they might believe that if five heads have appeared
in a row, then the law of averages means the next should be a tail, and so forth. When an electronic
simulation does not match their intuition, it is more comfortable to think it is doing something different
rather than to adjust their intuition. Following up a dice throwing experiment with a dice throwing
simulation, and finding similar degrees of variability in the two sets of results, seems to reassure the
students. I think that it is time well spent, because the students find it easier to imagine, in the future, how a
simulation can be set up if they can think of the concrete cases they have in their own experience. Once
they are convinced that the computer’s random behavior is similar to the real thing in one context, it ceases
to be an issue.
One can use commercially available simulation software; however, it is now relatively easy to generate
fairly informative simulations using macros in statistical packages and in spreadsheets without actually
having to program. Also, the Discovering Important Statistical Concepts Using Spreadsheets (DISCUS;
Hunt & Tyrrell, 1995) materials exist as a series of electronic workbooks in EXCEL, and have some
excellent simulations in them that are ready to run! DISCUS also uses EXCEL’s data analysis tools and
charting facilities to provide very strong visual images of relationships that exist. For instance, students can
explore the relationship between the binomial, Poisson, and normal distributions by superimposing
distributions in which the student defines the parameters. Tyrrell (1996) provided a fuller description of the
material covered and of the style of the materials.
APPLICATIONS OF SAMPLING
Over the past few years, I have been moving away from a fairly theoretical-based delivery of the A-level
Statistics course that I teach toward trying to find ways that the students can actually have some experience
of what the results mean in practice. As I have argued already in this paper, I believe that such experience
informs their intuition; thus, their analysis of a new problem situation is more likely to be accurate.
Initially, this development in style was not based on the use of technology. It was based on the
collaborative efforts of a large group in which the group would look at the same dataset in different ways
and pool the results, which is similar to the way that I would pool the results of a dice throwing experiment
with the younger students.
Sampling, linear regression, and correlation are topics that are encountered early on in most people’s
statistical experience, whether it be in a mathematical statistics course or in applications of statistics in other
subject areas. The least squares line of regression and the product moment correlation coefficient are well
defined functionally, and many calculators and computer software packages will generate them after
elementary data entry procedures are followed.
I teach an A-level course that has 50% statistics in which these topics appear. I had been concerned that
the students’ perceptions of the regression line seemed almost to extend to a belief that this was the
underlying relationship, and that the line and predicted values generated by the line of regression would be
given to very high degrees of accuracy. These would be unwarranted even due to the accuracy to which the
data had been recorded, before any consideration of the variability of the line due to sampling. I had also
been concerned about the students’ grasp of confidence intervals and particularly how dependent they are
on the data used, and we were going to be looking at different sampling methods. We had already spent
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some time early in the course working with boxplots and had used them to make comparisons between
datasets with different centers and spreads.
Burghes (1994) contained a dataset that contains a variety of information on 200 trees on a piece of
land that the owner wishes to sell. It is in a chapter dealing with data collection, and the activity suggested is
for students to choose one of a number of sampling methods and construct an estimate of the average value
of the various quantities, such as value, age, girth, and the proportions of different types of trees. The class
undertook this activity, and we then pooled all the results and constructed boxplots of the data resulting
from the various (point) estimates of these quantities using random, systematic, and stratified samples. From
the class 20 students, six or seven estimates were obtained for each sampling strategy.
These boxplots provided considerable insights into a number of different and difficult concepts, which I
will expand on below.
SAMPLING TYPES
The nature of stratified sampling is illustrated by Figure 13, in which the proportion of oaks in each
sample remained the same, because that was how the stratification had been constructed. The perfectly
consistent prediction (of the true proportion) provided a focus for what makes a good estimator. In the
same diagram, the contrast between the profiles of the random and systematic sampling estimates opened
up some worthwhile discussion as to why the systematic samples provided much more consistent estimates
than the random samples in this case and whether we could expect that in all cases.

Figure 13: Example of stratified sampling
Figure 14 shows the estimates of the monetary value of the trees from the different sample types, which
led to a discussion questioning whether the size of our samples was sufficient to allow us to make strong
statements concerning the relative merits and demerits of different sampling methods. Because the students
had to do the work in producing the data from samples, they showed a greater understanding than previous
groups of the “costs” involved in improving the quality of your conclusions by considering more data.
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Figure 14: Boxplots of estimates of the monetary value of the trees
INTERVAL ESTIMATION
The ideas of interval estimation were able to be developed quite naturally from the experience of
generating a number of different point estimates of the same quantity and finding that they did not always
produce the same value for the estimate and that the consistency of the estimate was affected by a wide
range of factors, such as the size of sample used, the method of constructing the sample, the underlying
variability of the quantity, and so forth. This led to interesting investigations of other datasets in an attempt
to quantify some of these effects.
The process of repeating a number of samples using the same procedure to generate them, but obtaining
different datasets each time and sometimes quite different estimated values, meant that the students had an
experience to draw on, which informed their intuition when dealing with subsequent situations involving
sampling. Instead of a set of abstract rules (e.g., that the variance of estimated values varies inversely with
the sample size) that previous classes could learn and apply, often very successfully, this group began to
appreciate intuitively, based on experience, how the consistency of the estimates would vary.
REGRESSION AND CORRELATION
This led to examining the dependence on the data used in other circumstances, in particular in linear
regression and correlation. Table 3 shows the body and heart masses of 14, 10-month old, male mice. We
examined the regression lines and the predicted heart masses for certain body masses that would be
generated by samples of the dataset.
Each of the data points was discarded in turn. The values of the correlation coefficient, the coefficients
of the equation of the line of regression of heart mass on body mass, and the predicted values of heart mass
for body masses of 20, 35 and 55 grams were computed. Figure 15 shows the predicted values obtained in
boxplots. Much greater variation arose when smaller samples (e.g., using 10 out of 14 mice) were chosen
and when other datasets were used in which the correlation was not as strong.

40

3. DEVELOPING PROBABILISTIC AND STATISTICAL REASONING

Table 3: Dataset of body and heart mass of 14 mice
Mouse
A
B
C
D
E
F
G
H
I
J
K
L
M
N

Body mass
(g)
27
30
37
38
32
36
32
32
38
42
36
44
33
38

Heart mass
(mg)
118
136
156
150
140
155
157
114
144
159
149
170
131
160

Figure 15: Predicted values shown in boxplots
Again, a number of important issues arose from this exercise:
•
•
•

The regression line was appreciated more as being an estimate of the underlying trend.
The regression lines based on various samples were seen to be diverging as you move from the center of the xvalues, and the boxplot above shows clearly the greater consistency of predicted values close to the middle of
the range.
The problems associated with extrapolation take on a new dimension. Not only may the existing fairly strong
linear relationship not continue, but even if it does the predicted values are increasingly unreliable.

Upon reflection, I was pleased at how coherently the different aspects of this work fit together and
indeed even provided reinforcement for the other concepts. I was also particularly pleased at how the
students’ intuitive understanding of some quite difficult and subtle concepts seemed to be more secure
because it was experientially-based to some degree rather than purely learned by formal mathematical
principles (theorem and proof), even though these are still an essential part of statistics.
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I then started to examine whether technology could help in the production of the data as well as with the
analysis and visual representation. The diagrams below were produced using the student version of Minitab
for Windows (Version 9). The small routines were written for Minitab (called “executable macros”),
although I believe the principles can be adapted quite easily for other software and hardware.
I will deal explicitly with three cases, but the principles and methods involved are applicable in a variety
of other situations and also reinforce a number of other ideas in passing, which I will try to touch on
briefly. I have based them on data that was randomly generated within the macros used, but I would
recommend working with real, large datasets when possible.
DISTRIBUTION OF SAMPLE MEANS
2
2
The variance of the mean of a sample of size n from a population of variance σ is σ /n. Many students
have an intuitive feeling that a larger set of observations should provide a better estimate, without any firm
grasp of the criteria on which this could be judged. Indeed, it is very difficult for them to resolve the
interrelating nature of the distribution of the population, the distribution of the sample, and the sampling
distribution of a statistic such as x . The macro developed here uses the following procedure: (1) it asks the
user to provide the mean and standard deviation of the population and the sample size to be used; (2) it
generates 40 columns of data each with the requested sample size (limited to 80 when 40 sets are used,
because Minitab student worksheets are limited to 3,500 cells); and (3) it then computes the mean of each
of the 40 columns, before drawing the graph of the sample means as a boxplot. Using 40 pieces of data to
draw the boxplot allows one to get a good idea of the variability of the distribution of the sample means in
each case. By systematically varying the standard deviation and the sample size, the student can build up an
experience-based intuition of the behavior of the variability of the sample mean. Figure 16 shows the cases
in which the standard deviation and sample size were 5 and 80, 5 and 10, and 15 and 10, respectively. The
population mean in all cases was 34. Apart from the changing behavior of the variability of the sample
mean, there are a number of important other points that can be made: there are 40 point estimates of the
population mean used in each boxplot, and the basis of confidence intervals as estimators, which are more
informative than simple point estimates, can be seen comparatively easily. In all cases, the point estimates
are centered around the true value of the parameter. With a population standard deviation of 5 and a large
sample of 80 observations, the sample means gave estimates of the population mean that are consistently
very close to the true value, whereas with a larger population standard deviation and smaller sample this is
not so.
For this example, all three values for mean, standard deviation, and sample size were entered using the
keyboard while the macro was running. It can usefully be altered for teaching purposes so that the teacher
has already specified the mean and the standard deviation in advance, and the students are then looking at a
real estimation problem.
The data used here were simulated observations taken from a normal distribution, but a simple alteration
to the macros would allow samples to be drawn from any population listed as a column in a worksheet. The
effects of sampling with and without replacement can be investigated. Note that the variance of the sample
mean is reduced when sampling is taken without replacement, being multiplied by a factor (N-n)/(N-1) for
a sample size n from a population of size N.
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Figure 16: Comparing sample mean distributions

Figure 17: Comparing sampling methods

Stratified versus random samples
The effect of stratified sampling where a population consists of a number of identifiable groups (strata)
rather than one homogeneous group is to greatly increase the consistency of the estimator, by removing
one of the sources of variance (i.e., the differing number of observations from each strata). The macro used
here performs the following procedures: it generates sets of 40 observations from normal distributions with
means of 25, 30, 35, 40, and 45 each with a standard deviation of 5; it then repeatedly samples 4
observations from each set and also 20 observations from the full set of 200, in both cases without
replacement; as before, the sample means of each of these sets are computed and boxplots are drawn to
compare the consistency of the estimators. Figure 17 shows one outcome of this process.
The macro can be altered easily to work with real stratified populations, to accept parameter values for
each strata as inputs using the keyboard, or for the teacher to assign values for the strata parameters in
advance, placing greater emphasis again on the realities of interval estimation rather than point estimation.
These two investigations also give students some extra experience of using boxplots to make
comparisons between distributions.
CORRELATION COEFFICIENTS FOR SMALL SAMPLE SIZES
I find it fairly easy to justify to a class that the correlation coefficients for small datasets need to be high
before you can be reasonably confident that there is any underlying relationship, but much harder to
justify the distribution results listed in their sets of tables. Running a simulation generating sets of points,
under the bivariate normal hypothesis, and calculating the correlation coefficients, allowed us to build up a
sampling distribution, from which the origin of the critical values listed could be seen. Two examples of the
sampling distributions obtained are shown in Figures 18 and 19.
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Figure 18: Sampling distributions (n = 4)

Figure 19: Sampling distributions (n = 8)
CONCLUSION

Much of probability and statistics requires a different type of thinking than mathematics, yet most of the
teaching at the secondary level is in mathematics. Also, these teacher often have no significant training in
the areas of probability and statistics. The earlier that students are shown the ways that data behave, rather
than learning the “mathematical rules” that govern certain aspects of that behavior, the more likely we are
to produce students who are genuinely at ease in dealing with uncertainty. I believe that the use of
technology and real datasets offer us greater possibilities of doing this well, but further research is needed
to determine the extent of the effect. Other papers in these proceedings (e.g., Lajoie, 1997) also argue that
datasets should be interesting and relevant to the students’ lives, which helps to motivate them and to show
how statistics is used to make everyday decisions on both major and minor issues.
Some specific questions for future research raised here include:
•
•
•

Does the study of real datasets in the early formative years improve students’ ability to interpret formal
statistical results later on?
Does the cooperative study and reporting of statistical investigations make students better suited to the
employment market than an undiluted diet of competitive, individual assessment?
Does the use of simulations and the sort of sampling investigations described in this paper help students to
have a more accurate intuition of what is happening in other stochastical situations?
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4. STATISTICAL THINKING IN A
TECHNOLOGICAL ENVIRONMENT
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"I learned a lot from my teachers, and even more from my colleagues,
but from my students - I learned the most." (Talmud)

BACKGROUND
Traditional Israeli junior high school statistics usually emphasizes computation and neglects the
development of a broader integrated view of statistical problem solving. Students are required to memorize
isolated facts and procedures. Statistical concepts rarely originate from real problems, the learning
environment is rigid, and, in general, there is just one correct answer to each problem. Even when the
problems are real, the activities tend to be "unreal" and relatively superficial. The only view of statistics
students can get from such a curriculum is of a collection of isolated, meaningless techniques, which is
relatively irrelevant, dull, and routine. Many teachers ignore the compulsory statistics unit. The teachers
maintain that there is no time, or that there is pressure to include "more important" mathematic topics, as
well as lack of interest and knowledge. We have developed a statistics curriculum (Ben-Zvi & Friedlander,
1997) in an attempt to respond to the need for more meaningful learning of statistics and have
incorporated the use of available technology to assist in this endeavor.
THE POTENTIAL OF TECHNOLOGY
Technology provides the opportunity to create an entirely new learning environment, in which
computers can be used as tools in problem solving and to foster conceptual development. Thus, students
can take a more active role in their own learning, by asking their own questions and exploring various
alaternatives to solving them (Heid, 1995; Lajoie, 1993). The use of computers allows students to pursue
investigations, can make students less reliant on their teachers, fosters cooperation with fellow students, and
can provide students with feedback on progress. We would suggest that the openness of a computerized
environment can push students to become intelligent consumers, because they are "forced" to choose from
the available tools and options. Thus, computers have made the creation of graphs and tables acceptable
problem solving tools, in addition to the more traditional numerical and algebraic methods.
Computers can provide a wider experience with data manipulation and representation, compared to
traditional class work (Biehler, 1993). Real situations produce large data bases, which are hard to handle
without a computer and which offer many opportunities for investigation using a variety of methods. Also,
students have to learn to perform in conditions of temporary or extended uncertainty, becuase they often

45

D. BEN-ZVI & A. FRIEDLANDER

cannot predict the tool's limitations. When students begin an investigation by posing a question and
collecting data, they are unlikely to predict any obstacles ahead of them, such as the wrong data type,
missing variables, or tabulating difficulties (Hancock, Kaput, & Goldsmith, 1992); thus, one of the things
they have to learn is to evaluate progress and persevere.
Whereas students in the traditional statistics curriculum are able to "plant a tree," students in the
computerized curriculum are able to "plant a forest and plan for reforestration." Using software that allow
students to visualize and interact with data appears to improve students' learning of data analysis concepts
(Rubin, Roseberry, & Bruce, 1988).
Thus, the creation of a technological learning environment should have considerable impact on the
contents of the statistics curriculum, and should be accompanied by a broadening of its focus toward an
emphasis on conceptual understanding, multiple representations and their linkages, mathematical modeling,
problem solving, and increased attention to real-world applications (National Council of Teachers of
Mathematics, 1989). In the following sections we introduce the statistics curriculum developed by Ben-Zvi
and Friedlander (1997) and preliminary results of our study.
THE STATISTICS PROJECT
The statistics project is a curriculum development and research program, which began in 1993. A
statistics curriculum for junior high school (grades 7-9) was developed and implemented using an
interactive computerized environment. The project has three components: (1) the development of sets of
activities in statistics, (2) implementation in classes and in teacher courses, and (3) research on the learning
processes and on the role of teacher and student within this dynamic environment.
In the first year, we developed and tested materials in a few experimental classes and began in-service
teacher courses. In the following two years, we extended the experiment to more classes and improved the
learning materials based on feedback received. All the work has been accompanied by cognitive research.
The instructional activities promote the meaningful learning of statistics through investigation of openended situations using spreadsheets. Students are encouraged to develop intuitive statistical thinking by
engaging in activities in which they collect and interpret their own data. A similar approach was used by two
projects in the United Kingdom--Statistical Investigations in the Secondary School (Graham, 1987) and
Data Handling for the Primary School (Green & Graham, 1994). In all three projects, the core concept of
the curriculum is based on the process of statistical investigation, introduced as Graham's (1987) Pose,
Collect, Analyze, and Interpret (PCAI) cycle (see Figure 1). [Pose the question and produce an hypothesis
(Stage A), collect the data (Stage B), analyze the results (Stage C), and interpret the results (Stage D)].
Data handling is introduced as "mathematical detective work," in which the student is expected to:
•

Become familiar with the problem, identify research questions, and hypothesize possible

•

Collect, organize, describe, and interpret data.

•

Construct, read, and interpret data displays.

•

Develop a critical attitude towards data.

•

Make inferences and arguments based on data handling.

•

Use curve fitting to predict from data.

•

Understand and apply measures of central tendency, variability, and correlation.
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Figure 1: The PCAI cycle for statistical investigation.
(Dotted arrows illustrate possible research paths.)
Our statistics curriculum combines the following two chronologically parallel strands (see Figure 2):
concept learning through a sequence of structured activities (basic concepts and skills) and a research
project carried out in small groups (free enterprise).
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Figure 2: The two strands of the statistics curriculum.
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Structured activities
Each structured activity is based on an open-ended problem situation, which is investigated by students
in a complete PCAI cycle. The problem situations focus on topics that are of interest to the students (e.g.,
sports, weather, people's names, salaries, cars) and present new statistical concepts and methods. The students
do not always collect the data on their own; sometimes it is given to them in spreadsheet format. Statistical
concepts covered include types of data, critical issues in posing questions and collecting data, statistical
measures, graphical representations and their manipulation, and intuitive notions of inference and
correlation.
In their first meeting, students brainstorm on the word “statistics” and are asked to complete their first
small statistical investigation, based on their intuitive notions. This helps to motivate students and gives the
teacher some idea of their prior knowledge. During the following investigations, the students are
encouraged to make their own decisions about questions to research, tools and methods of inquiry,
representations, conclusions, and interpretation of results. Most learning is collaborative; that is, students
work in small, heterogeneous groups in a computer-based classroom environment. Students receive
assistance from fellow students as well as from the teacher. The teacher is required to create a holistic,
constructivist environment (von Glasersfeld, 1984): The classroom becomes an open "statistical microworld"
(Papert, 1980, pp. 120-134) in which the student is expected to become a responsible learner. When the
class is involved in a structured activity, the teacher introduces the investigation theme, fosters
communication among groups, raises questions to encourage thinking, guides the students through
technical and conceptual difficulties, and facilitates a discussion of the results. The structured activities are
interspersed with more traditional class work, designed to reinforce statistical concepts.
To illustrate the structure of an activity, we will briefly describe one example--the Work Dispute in a
printing company. The workers are in dispute with the management, who have agreed to a total increase in
salary of 10%. How this is to be divided among the employees is a complicated problem, which is the
source of the dispute. The students are given the salary list of the company's 100 employees and an
instruction booklet as a guide. They are also provided with information about average and minimum
salaries in Israel, Internet sites to look for data on salaries, newspaper articles about work disputes and
strikes, and a reading list of background material.
In the first part of the activity, students are required to take sides in the debate and to clarify their
arguments. Then, using the computer, they describe the distribution of salaries using central tendency
measures, guided by the position they have adopted in the dispute. The students learn the effects of
grouping data and the different uses of averages in arguing their case. In the third part, the students suggest
alterations to the salary structure without exceeding the 10% limit. They produce their proposal to solve the
dispute and design representations to support their position. Finally, the class meets for a general debate
and votes for the winning proposal. Thus, throughout this extended activity, students are immersed in
complex cognitive processes: problem solving with a “purpose” in a realistic conflict, decision making,
and communication.
Research project
The research project is an extended activity, which is also performed in small groups. Students identify a
problem and the question they wish to investigate, suggest hypotheses, design the study, collect and analyze
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data, interpret the results, and draw conclusions. At the end, they submit a written report and present their
main conclusions and results to fellow students and parents in a "statistical happening." The teacher
schedules dates for each stage, guides the students individually to scaffold their knowledge, and actively
supports and assesses student progress. Some of the topics students have chosen to investigate include:
superstitions among students, attendance at football games, student ability and the use of Internet, students'
birth month, formal education of students' parents and grandparents, and road accidents in Israel.
The structured activities supply the basic statistical concepts and skills (which are then applied in the
research project) and allow students to get acquainted with the PCAI cycle, the computerized tools, and
methods of investigation. The research project motivates students to become responsible for the
construction of their knowledge of statistical concepts and methods of inquiry, and provides them with a
sense of relevancy, enthusiasm, and ownership.
Thinking processes
During the three years of experimental implementation, we analyzed student behavior using video
recording, classroom observations, student and teacher interviews, and the assessment of research projects.
The main objective of this paper is to describe some of the characteristic thinking processes observed.
Although our data describes all phases of the PCAI cycle, we will concentrate on the last two stages--data
analysis and interpretation of results. We present the patterns of statistical thinking in four modes, which
were evidenced in all the experimental classes. We are still investigating whether or not these developmental
stages are hierarchical and whether or not students go through these stages linearly.
Mode 0: Uncritical thinking
Spreadsheets are powerful user-friendly tools, which allow students to generate a wide variety of
numbers, statistical measures, and, more importantly, colorful and "impressive" graphs in large numbers,
quickly and easily. As a result, at the initial stage, students are excited by the technological power and
exercise it uncritically. Many students explore the software's capabilities, ignoring instructions or any
particular order of steps. Their choice of data presentation is based on its extrinsic features, such as shape,
color, or symmetry, rather than its statistical meaning. Thus, in this mode, graphs are valued as aesthetic
illustrations, rather than providing means for analyzing data.
Students ignore the patterns suggested by their graphical representations, relate to some obvious or
extreme features only, or fail to analyze their graphs altogether. Statistical methods are perceived as
meaningless routines that must be performed to please the teacher, rather than useful tools that allow one to
analyze and interpret data. The default options of the software are frequently accepted and used
uncritically, leading to wrong or meaningless information. For example, in order to compare the population
of different countries, Na. and Ne. created a bar chart. Since China was included, the default option chose a
scale on the y-axis which led to a useless chart. The ease of producing graphical representations led some
students to prefer quantity over quality. For example, I. and R. presented 18 bar charts in a project about
models and prices of cars in their neighborhood. Each chart presented information about six models. Thus,
they were not able to make an overall analysis of any of their research questions.
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Mode 1: Meaningful use of a representation
Choosing a representation from a variety of available options is a critical process in statistical analysis.
An appropriate representation may reveal valuable patterns and trends in the data, supply answers to
questions, and help justify claims.
Two of the typical features of Mode 1 include the following:
Students use an appropriate graphical representation or measure and can explain their choice. The reasons for favoring
a representation type are based on intrinsic features, such as the type of data, the method of its collection, or the
research questions.
Students are able to perform modifications and transformations of the representation in order to answer and justify their
research questions and interpret their results. They reflect on their statistical analysis, identify and perform changes of
scale, order of variables and titles, according to their needs.

In Mode 1, students use statistical techniques with a sense of control, reason, and direction. They are able
to make changes in their graphs, but tend not to go back and reorganize their raw data in order to achieve a
better representation and to draw further conclusions. In other words, students perform well within the stage
of data analysis (Stage A in the PCAI cycle), but do not make the necessary connections with the C or I
stages. We also found that students who operated in Mode 1 ignored numerical methods of data analysis,
and mainly justified their inferences graphically. Although students may use many representations (e.g.,
different types of graphs), these are merely a transformation in shape, rather than adding any additional
information or new interpretations. Typically, the student uses representations meaningfully with an
interpretation of results, but there is minimal and poor connection between the PCAI stages.
Mode 2: Meaningful handling of multiple representations: developing metacognitive abilities
In Mode 2, students are involved in an ongoing search for meaning and interpretation to achieve
sensible results. They make decisions in selecting graphs, consider their contribution to the research
questions, and make corresponding changes in the data analysis with a variety of numerical and graphical
methods. The process of making inferences and reflecting on the results obtained may lead to the
formulation of new research questions. Students are able to organize and reorganize data (e.g., changing
the number of categories, designing frequency tables, grouping data, and analyzing subgroups of data)
based on results already obtained. Because students are relieved of most of the computations and graphdrawing load, their learning expands to include task management and monitoring. While working on their
investigation, students reflect on the entire process, make decisions on representations and methods, and
judge their contribution to the expected results (Hershkowitz & Schwarz, 1996). Two examples of this
include the following.
G. and A. looked for patterns in the birth month of the students in the school. They hypothesized that
spring is the "favorite" birth season. Initially, they produced a pie chart for each of the eight classes in the
school. They tried to detect general patterns by adding up the relative frequencies for the spring months.
This did not satisfy them and they decided that in order to "prove" their hypothesis, they must aggregate the
data for the whole school. They first plotted a bar chart that summarized the data by months for the whole
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school. Because this graph did not yet yield the expected result, they reorganized their data into the four
seasons and drew a second bar chart. This finally satisfied their search for a proof that the "favorite" season
is spring.
A. and L. collected data on the number of years of formal education of the parents and grandparents of
the students. They expected to find a "relationship" between the level of education of the two generations.
They calculated the corresponding statistics (mean, mode, and median) and presented it properly in a
tabular format. They noticed that the numerical analysis showed some patterns. However, they preferred to
continue their investigation using graphs. They first plotted bar charts, but the picture was too detailed.
Nevertheless, they gained the impression that parents studied more than the grandparents. Because the
relationship between the two generations was still not clear, they plotted a three-dimensional graph (see
Figure 3), showing each generation on a separate plane. They deduced that "in this graph one can clearly
see that the number of years of formal education for the parents is higher than that of the grandparents."
They also observed that the two distributions show the same pattern; that is, that the two graphs have "the
same 'rises' and 'falls.' It seems as if parents and their children are 'glued' together--each of them relative to
their own generation." They then used a more conventional method that had been taught in class. They
produced a scatter plot, with a least squares line, which showed a very weak correlation between the two
variables. This presented them with a conflict, because visually they "saw" what seemed to be a high
correlation. They preferred the visual argument and so changed (distorted) their concept of correlation,
claiming that "high correlation means equality between the variables and low correlation means
inequality." They concluded that "this graph [the scatter plot] reinforces our hypothesis that parents
encourage their children to study more...."

Figure 3: Number of years of formal education for parents and grandparents
In this last case, the students' statistical reasoning was incorrect. However, in both cases we observed that
the students reasoned and operated in a flexible and reflective manner. The teams considered ways to verify
and prove their initial hypotheses and to convince others of their results. They manipulated their data and
favored one representation to another, according to their goal. They were using multiple representations in
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order to add extra meaning to their research, and were moving independently back and forth in different
directions in the PCAI cycle.
Mode 3: Creative thinking
Sometimes, in their search for ways to present and justify ideas, students decide that an uncommon
method would best express their thoughts, and they manage with or without computers to produce an
innovative graphical representation or method of analysis. Naturally, this type of behavior occurs less
frequently. However, an example of this is found in the case of E. E., in grade seven, was investigating the
frequency of road accidents in Israel over a period of several weeks, using official figures (Israel Central
Bureau of Statistics, 1993). After posing a variety of research questions, he found an interesting relationship
between the proportion of accidents involving different types of vehicles and their proportion of the Israeli
vehicle population. He plotted a scatter graph of these proportions (see Figure 4). E. added a diagonal line
from the origin to the opposite corner, looked at the result, and claimed:
"If a type of vehicle is below the diagonal, it can be considered safer then a type that is above...One can see that the
public bus company's campaign to use buses, because of their safety, is not necessarily true, since their share in the
total number of accidents (about 4%) is almost twice their share of the country's vehicle population (about 2%)."
However, E. concluded his argument by noting that "I need to check the mean annual distance travelled by each type of
vehicle, to be sure that my conclusion is true."

Figure 4: Car accidents in Israel -- E.'s project
E.'s project shows evidence of two novel cognitive modes. The first is E.'s idea to partition the plane and
his understanding of the meaning of what he had done. Second, E. identified the need for more data to
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support a sound conclusion. The first mode reveals flexible unconventional interaction with the graphical
representation, and the second reflects his statistical concept understanding.
DISCUSSION
Several aspects are considered that relate to the interaction between the learning environment and the
students' styles of work and modes of thinking described above.
Cognitive load
The use of computers shifts the students' cognitive load from drawing graphs and calculations to
activities that require higher-level cognitive skills. Thus, students can apply their cognitive resources to
operating the software, applying statistical ideas and methods, and monitoring statistical processes. As the
cognitive load increased, some students preferred to choose a familiar method rather than looking for
alternative methods of analysis and interpretation. In some cases, the computer's graphical capabilities, and
the ease of obtaining a wide variety of representations, diverted student attention from the goals of the
investigation to some extrinsic features of the tool.
Experience in statistical investigations
The students' lack of experience in conducting a statistical investigation causes, among other things,
difficulties in gathering data, tabulating it in spreadsheet format (Kaput & Hancock, 1991), and
inefficiencies in analysis methods. Students often failed to foresee the consequences of their strategies on
the following stages of statistical problem solving. As they gained experience, they overcame some of these
difficulties and were able to connect their goals and ideas to a suitable method of investigation.
Context of investigation
The context in which the original research question is embedded also affects the nature and statistical
methods of student work. For example, as reported in the TERC project (Hancock et al., 1992), deep
affective involvement and preconceptions related to the context of the planned investigation may lead some
students to ignore statistical ideas and draw irrelevant conclusions. Similarly, in our experience, some topics
enable the investigators to "take-off" to a higher mode of thought, whereas others leave their performance at
a descriptive level. If, for example, the students' question is in a descriptive format (i.e., How many...? Who
is the most...?), it may not encourage them to use higher cognitive modes, whereas a question about the
relationship between two variables is likely to do that. The teacher can play a significant role in directing
students to a potentially stimulating context, and in expanding and enriching the scope of their proposed
work.
Combining structured investigations and individual projects
Work on structured statistical investigations, with a given set of data and research questions, helps
students to gain experience in data analysis, in the application of statistical concepts, and in the process of
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drawing inferences. Work in parallel on individual projects allows students to experiment, restructure, and
apply, in a creative and open manner, the ideas and concepts learned. This combination of the two strands
stimulates students to progress in their use of statistical methods, modes of thinking, and reflection. They
become aware of the wide variety of investigation strategies and possible interpretations of results, and
finally, they learn to communicate their ideas in written and oral reports.
Teacher actions
An immediate consequence of working in a technological learning environment is that the teacher has
more time to meet students on an individual basis, thereby understanding their needs better. On the other
hand, the teacher loses some control; that is, the teacher is unable to monitor every detail of the students'
actions. Teachers cease to be the dispensers of a daily dose of prescribed curriculum and must respond to a
wide range of unpredictable events. In the initial stages, the teacher has an important role: Students need to
be encouraged to use critical thinking strategies, to use graphs to search for patterns and convey ideas, and
to become aware of the critical role of choosing an appropriate representation and analysis design. Students
also need teacher guidance toward a potentially rich context and reflective feedback on their performance.
As students become accustomed to the new setting, gain experience in posing more sophisticated research
questions, and refine their methods of work and thought, the teacher's role changes from active instructor to
fellow investigator.
QUESTIONS FOR FURTHER RESEARCH
We believe that the learning environment described above and the proposed framework for thinking
modes in learning statistics may be useful to statistics educators, cognitive researchers, and curriculum
developers.
We would like to suggest several further questions that we have not yet considered.
•

Does the student who learns statistics in a technological environment undergo a developmental process
or are the methods of work described above a set of discrete and not necessarily hierarchical modes?

•

What are the contexts of investigation that foster higher-level statistical thinking?

•

How do students of various learning abilities respond to the proposed learning environment?

•

What are the teacher actions that stimulate students to use meaningful multiple representations and to
develop metacognitive abilities and creative thinking?

It would be interesting to hear from others whether their observations with similar materials replicate the
suggested categorization of student thinking modes. In so doing, perhaps some of the questions regarding
development may be answered. We to investigate the data gathered over the last three years to answer, if
only partially, some of these questions.
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5. THE USE OF TECHNOLOGY FOR MODELING
PERFORMANCE STANDARDS IN STATISTICS
Susanne P. Lajoie
McGill University

OVERVIEW
The goal of the Authentic Statistics Project (ASP) is to make statistics meaningful to middle school
students, particularly grade 8, and to assess the progress students make in learning statistics. One way of
enhancing the value of statistics to middle school students is to demonstrate how statistics can be used to
answer important questions and make everyday decisions. Within this context, students learn to perceive
statistics as a valuable tool rather than a bother. This paper describes how ASP uses technology to facilitate
both instruction and assessment by modeling performance standards for the statistical investigation process.
THE AUTHENTIC STATISTICS PROJECT (ASP): A DESCRIPTION
ASP is designed to provide instruction and assessment of descriptive statistics in computer-based
learning environments. The goal of ASP is to provide learners with opportunities to solve a variety of
statistical problems, to reason about statistical information, and to communicate their understanding of
statistics. In the ASP, students used the statistical process of investigation to generate research questions that
were meaningful enough to pursue (Lajoie, Lavigne, Munsie, & Wilkie, in press). The mathematics
classroom was transformed into small groups of design teams, where each team constructed a research
question, collected data to answer it, represented the data graphically, analyzed the data, and presented their
projects to the classroom. Each group was provided with technological supports that were intended to
facilitate the investigation process. New technologies are changing the ways in which problem situations and
methods of representation are used in instruction (Romberg, in press). Technology, as used in ASP, served
to facilitate both instruction and assessment.
In order to facilitate the learning process, ASP anchors statistical concepts and the statistical investigation
process through examples that model the use of concepts for a particular process on a variety of real-world
problems. Thus, ASP uses modeling as its primary instructional technique to teach students about
descriptive statistics. Modeling involves an expert or more skilled individual carrying out a task so that
students can observe and build a representation of how to solve a task (Collins, Brown, & Newman, 1989).
Students are then given opportunities to apply their knowledge and skills to a variety of problems. The key
is for students to learn fundamental concepts through modeling, to apply their knowledge and skills to a
variety of contexts, and to reason about the statistical process. Providing multiple contexts can help students
build and transfer their knowledge.
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WHAT AND HOW TO MODEL?
Observation is a key component to learning, especially when one observes skilled individuals solve a
complex task. After observation comes practice. Technology can be used to model complex skills and
knowledge to students. ASP is designed to support such modeling.
The selection of what to model was guided by the National Council of Teachers of Mathematics
Curriculum and Evaluation Standards (National Council of Teachers of Mathematics, 1989) for middle
school statistics. The standards emphasize a problem-solving approach to statistics where students collect,
graph, analyze, and interpret statistics. Thus, ASP decomposed the statistical investigation process into
exemplars of four basic components: designing a research question, collecting, graphing, analyzing, and
interpreting data based on the research question (Lajoie et al., in press; Lavigne & Lajoie, 1996). Since
statistics was foreign to most of these students, exemplars were designed that would model expertise for
each component so that students would be able to model these skills for their own statistical investigations.
The teacher's expectations for students are made clear by these exemplars. Furthermore, the teachers can
make their assessment standards clear to students in the same fashion. One of the Assessment Standards for
School Mathematics (National Council of Teachers of Mathematics, 1995) is to make assessment criteria
open to learners so that they will understand the teacher's expectations prior to engaging in a task. When
students understand the learning goals and the ways in which they are expected to achieve them, it is easier
for them to align their performances to the criteria. Moreover, when students understand the criteria, it is
easier for them to set high expectations for themselves and consequently monitor their own progress (Diez
& Moon, 1992; National Council of Teachers of Mathematics, 1995). One way of clearly communicating
such expectations to students is by publicly posting these performance criteria through the use of
technology.
Technology is used in this project both as a cognitive tool for modeling performance standards in
statistics and as a tool for statistical analysis and graphing. This paper will describe how technology can
situate students in authentic learning situations where students drive the curriculum by their own intrinsic
interests. The performance standards that are modeled using the computer are standards for generating
research questions, collecting data, analyzing data, graphing data, and presenting interpretations of the data.
Statistical tasks were designed to provide students opportunities to reflect, organize, model, represent, and
argue within and across mathematical domains. The instructional focus is on statistical problem solving,
reasoning, and communication. Three computer-based learning environments have been developed for
teaching grade 8 mathematics’ students about descriptive statistics. A computer-based learning environment
is a place where learning occurs, such as a classroom, but the computer provides the instructional platform.
The environments described here include Discovering Statistics, Authentic Statistics, and Critiquing
Statistics. Different statistical skills are taught using these environments (described below). ASP uses each of
these environments to provide learners with an opportunity to learn about descriptive statistics and statistical
investigation, to apply their knowledge by designing and engaging in their own investigation, and to reason
about statistics by critiquing investigations conducted by others. Research on the Authentic Statistics
environment has been conducted. The Discovering Statistics and Critiquing Statistics environments are still
under development and we plan to complete and test these new environments in the next few years. My
goal in discussing these environments is to establish a context for how to model statistics using technology.
These environments and the sequence (see Figure 1) in which they are introduced are described below.
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A LOOK INSIDE THE CLASSROOM
ASP is designed according to a producer/critic model whereby students generate their own experiment
(producer phase), critique research conducted by former students (critic phase), and create a second
experiment (producer phase). Kelley and Thibaut (1954) suggested the role of critic and evaluator is first
learned in a group situation and then becomes internalized as self-regulatory skills. If critiquing can be
modeled through technology, self-regulation can occur through modeling the skills of predicting,
verifying, monitoring, and reality testing in an effort to foster comprehension regarding the statistical
processes of investigation. When students learn to evaluate others, they ultimately learn to assess their own
statistical problem-solving processes. The producer-critic model has been used successfully in reading,
where one student produces summaries and another student critiques the summary and then the roles are
reversed (Palinscar & Brown, 1984). The notion is that the critic phase of ASP will enhance students'
reasoning skills and will consequently, result in a stronger understanding of the investigation process that
will be reflected in the second experiment. The sequence in which students are presented with the computer
learning environments and their relationship to the producer/critic model is illustrated in Figure 1.

Discovering
Statistics

Authentic
Statistics

Knowledge Acquisition
Phase

Project
1

Critiquing
Statistics

Project
2

Producer
Phase

Critic
Phase

Producer
Phase

Figure 1: Procedural sequence of the Authentic Statistics Project
Discovering Statistics is a computer tutorial created to standardize the instruction presented to students
prior to their producing their own statistics projects. Discovering Statistics is still under development and
will be piloted in the near future. This environment integrates the teaching of statistical concepts with the
teaching of appropriate computer skills students need to construct their projects. The content is taught
within the context of the statistical investigation process. For instance, instruction of measures of central
tendency and measures of variation are taught within the context of data analysis. Students are taught how
to use EXCEL (Microsoft Corporation, 1992), a computer software program that allows students to both
graph and analyze their data. Once students have acquired the relevant knowledge and skills, they are
required to demonstrate their understanding of statistics and the investigation process by designing and
conducting their own statistics project. To ensure that students understand the task and how they will be
evaluated, they are shown Authentic Statistics. This tool models the investigation process by providing
concrete examples of performance on each aspect of the investigation process (i.e., designing a research
question, collecting data, analyzing data, representing data, and interpreting findings). Each aspect is
presented to students as a criterion for assessing performance on the task. Both Discovering Statistics and
Authentic Statistics represent the knowledge acquisition phase.
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The task of designing and conducting a research experiment represents the first producer phase. This
task also requires that students communicate their understanding of statistics by presenting their research to
peers. Thus, students must explain their reasoning behind the design and implementation of their research.
To enhance students' reasoning abilities, Critiquing Statistics will be presented. This environment will
provide students with opportunities to critically examine and assess two complete presentations given by
former students (assessments will be based on the criteria presented in Authentic Statistics). This critic phase
will allow students to further develop their statistical understanding and reasoning abilities. Finally, students
will be required to perform a second statistics project that consists of the second producer phase. This
second phase is included to examine whether or not the reasoning task facilitates students' understanding of
statistics. Observations from previous research suggest that allowing students to present and question others
about their research helps them to better understand statistics. Hence, the inclusion of a reasoning task after
having presented one statistics project is expected to help students develop their second project.
ASP classrooms have been designed for grade 8 mathematics students, where students work
cooperatively in groups of three at their own computer work station (generally eight per class) for the entire
unit. Teachers involved in ASP classrooms include the mathematics teacher and graduate research assistants
involved in the ASP research. The role of the students is to follow the sequence presented in Figure 1. The
role of the teachers is to facilitate student inquiry and assist when difficulties arise. The classroom culture
has already been pre-established prior to our introduction of ASP. This culture is one in which group
problem solving is the norm. Hence, students are used to working in groups and sharing responsibilities.
Team work is essential for all aspects of ASP. The mathematics teacher provides linkages between the
graphing unit and unit on averages as a way to introduce students to the ASP focus on statistical
investigations. The ASP unit generally takes two weeks to complete; however, with the introduction of the
Discovering Statistics and Critiquing Statistics environments will add another week or two.
DESCRIPTIVE STATISTICS HYPERCARD™ STACK:
DISCOVERING STATISTICS
Discovering Statistics is a computer-based learning environment that provides standardized instruction
of concepts and procedures in descriptive statistics for grade 8 mathematics students. The instruction is
provided in the context of statistical problem solving and scientific investigation. Discovering Statistics is a
HyperCard™ (Claris Corporation, 1991) stack that serves several functions. First, it models the types of
knowledge students need to produce their own projects: that is, declarative knowledge (knowledge of facts);
procedural knowledge (knowledge of how to compute statistics and graphs statistics using a computer); and
conceptual knowledge (knowing how to apply their knowledge to their own projects that require problem
solving). The tutorial briefly introduces learners to the notion of statistics, namely, that statistics is used to
describe and make predictions about data that are collected to answer a particular question. An example
research question is provided to help learners situate the process of doing statistics in the context of a
problem. The Discovering Statistics tutorial provides instruction and models the use of concepts in the area
of descriptive statistics in terms of the components of the scientific investigation process. Data collection,
for example, requires a basic comprehension of concepts such as randomization, sample size, and
representative sampling. Discovering Statistics models this knowledge for students using demonstrations
and then provides practice opportunities where students apply their knowledge to new situations. Instruction
consists of providing definitions of concepts as well as illustrating examples, in the form of "demos," which
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model the use of such concepts in a variety of contexts. Providing learners with concrete examples that
clearly illustrate the meaning of concepts is an important feature of the tutorial, particularly given student
difficulties with the abstract nature of statistical concepts. Learners have access to a flowchart or "map"
illustrating the concepts that will be taught in the tutorial and how these are linked to the processes of data
collection, data analysis, and data representation (i.e., data and graphs), which are also emphasized in the
Authentic Statistics and Critiquing Statistics environments. Figure 2 provides an overview of the statistical
concepts and procedures illustrated in this map. Students can access information about any of these
processes directly by clicking on the appropriate button. Once a student clicks on data analysis the student
is brought to this section of the tutorial. This map is available at every point in the tutorial because it serves
as a navigation tool.

Figure 2: Table of contents for Discovering Statistics
Information about each concept is presented to learners in four ways: (1) as a lay definition of the
concept in question; (2) as an example (written in text) illustrating how the concept is used in the context of
an experiment (the same example is used throughout the tutorial so that students can build their
understanding of statistics in a particular context); (3) as a statistical definition of the concept to help
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learners develop and become familiar with the language of statistics as well as to immerse themselves within
the culture of statistics; and (4) as an example using text, sound, screen recordings (computer recordings of
actions performed on the computer), or animations that illustrate how a particular concept is used in a
problem (this is different from that presented earlier to facilitate students' understanding of statistics across
contexts) and how procedures can be applied using the appropriate software (such as EXCEL for the entry,
analysis, and representation of data). Any unfamiliar terms are underlined in italicized bold and referred to
as "hot buttons." To obtain a definition of a term, learners merely have to click on the word and a pop-up
window appears with the relevant information.
In addition to learning about statistics through definitions and examples, students are given an
opportunity to apply their knowledge to problems provided in the tutorial. A mechanism has been created
so that student activities (e.g., problem solving in "Practice" sessions as well as the type of information and
frequency of review sought by students within the tutorial) can be traced by the computer. The extensive
use of student user files will provide researchers and potential teachers with the means of assessing
performance directly. In Discovering Statistics, assessments are embedded within the instruction through
practice sessions that are provided both within subsections, to ensure an understanding of particular
concepts, and at the end of each major section (e.g., data collection) to assess overall comprehension of the
relationship among specific concepts and the various components involved in the process of statistical
investigation. Assessment of learning arising from the tutorial is thus inextricably linked to the instruction.
Discovering Statistics provides the background or prerequisite knowledge that students build on in
subsequent phases of ASP. Consequently, there is overlap in the types of knowledge that students acquire in
the Discovering Statistics and the Authentic Statistics environments. The most obvious overlap in content is
that both environments model knowledge that is required to be successful in the overall statistical
investigation process. However, Discovering Statistics is a precursor to the Authentic Statistics environment
in that the skills acquired in the former lead to more informed decisions about how to design a research
question, which is modeled in the latter. A description of Authentic Statistics is provided below.
THE AUTHENTIC STATISTICS ENVIRONMENT: A LIBRARY OF EXEMPLARS
Our assumption was that "making assessment criteria transparent" by demonstrating exemplars of student
performance would facilitate learning. When students are made aware of what is expected of them, it is
easier for them to meet those expectations, to assess their own progress, and to compare their work with
others. Technology was used to demonstrate performance standards for specific aspects of the statistical
investigation process. The Authentic Statistics environment provides a library of exemplars (Frederiksen &
Collins, 1989) of these performance standards for grade 8 students (Lajoie, Lavigne, & Lawless, 1993;
Lajoie et al., in press; Lavigne, 1994). HyperCard™ drove the interactions in Authentic Statistics in which
students were shown concrete examples of statistical components by using QuickTime™ (Apple Computer
Inc., 1989) to display digitized video tapes of student performance. Media Tracks™ (Farrallon, 1991)
software was incorporated in the environment to display computer screen recordings of graphs and data
used in student projects. Textual descriptions of our scoring criteria accompany the video clips and screen
recordings.
Students are provided with an overview of what the library is used for and how it can help them develop
their own projects. The total project was worth a maximum of 50 points, and assessment values for each
component are provided. Figure 3 presents the Table of Contents for the Authentic Statistics environment.
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There are six assessment components: (1) the quality of the research question, which is evaluated based on
how clear the question was, whether or not all the variables were specified, and whether or not all levels of
each variable were discussed (5 points); (2) the data collection, which is evaluated based on how students
gather information pertaining to their question and whether or not they avoided bias in the data collection
process (10 points); (3) the data presentation, which is evaluated based on how the data is summarized and
presented (i.e., whether or not the types of tables, charts, and/or graphs that the students constructed were
appropriate) (10 points); (4) the data analysis and interpretation, which is evaluated based on the choice of
statistics selected to analyze a dataset, as well as whether or not an understanding and interpretation of the
data analysis was demonstrated (10 points); (5) the presentation style, which is evaluated based on the
thoroughness of the explanations regarding the project and on how well it was organized (10 points); and
(g) the creativity, which is evaluated based on the originality of the statistics project (5 points).
A student could access information about each category at any time by "clicking on" the icon for a
textual and visual demonstration of average and above average performance. To select the "research
question" criterion, for instance, a student would click on the image corresponding to this standard (see
Figure 3). The student would then receive information about that criterion (see Figure 4).

Figure 3: Table of contents for Authentic Statistics environment
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Text describing how to develop a research question, for instance, would be read by the student.
Examples of how former students performed on this criterion would also be viewed. The student could see
what average or above average performance looked like by viewing videoclips. Clicking on the average
performance button, for example, illustrates a videoclip of a student from another class presenting the
following research question: "What is your favorite fast-food restaurant?" This videoclip conveyed to the
new student the type of performance that was acceptable on the research question criterion. The above
average performance example illustrates a videoclip restating the group's question as "What is your favorite
fast-food restaurant between Harvey's, Burger King, McDonald's, and Lafleur's?" This videoclip
demonstrated stronger performance on the criterion because the categories given to the sample were
specified. New students view the examples in Authentic Statistics and respond to textual prompts by
discussing and reasoning about performance differences with their group (see Figure 4). After viewing
information about each criterion and discussing differences between performance levels, the group
develops its own project and aligns its performance to criteria accordingly. Students have opportunities to
internalize such criteria before they start their own statistics projects and can return to the computer at any
time to refresh their memories of what a particular statistical concept means.

Figure 4: Quality of research question criterion
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Method
In a pilot study conducted in the Montreal area, 21 multicultural students from one grade 8 mathematics
class were divided into eight groups and each group worked at their own computer workstation. After
receiving a tutorial, similar to that described in Discovering Statistics, students explored Authentic Statistics.
Two conditions were developed for the exemplars: a video-based condition in which students saw video
clips and textual descriptions of average and above-average performance; and a text condition in which
students were only given textual descriptions. Groups were randomly assigned to the two conditions, which
resulted in four groups in the video condition and four in the text condition. Group composition was
matched on ability groupings. A pretest and posttest were administered and assessment data were collected
for each group's project.

Results
A condition (video, text) by test (pre, post) split-plot analysis of variance was conducted (Lavigne, 1994).
No condition effect was found [F (1,16) = .01, p > .05], however, there was a test effect [F(1,16) = 50.31,
p < .05]. There was no interaction between condition and test [F(1,16) = .92, p > .05]. The means are
presented in Table 1.
Table 1: Means for the condition by test ANOVA
Pretest
Mean
SD
6.64
1.12
5.71
1.41

Condition
n
Video
11
a
Text
7
Note: Maximum score = 50
a
Three subjects were excluded from the analysis due to attrition.

Posttest
Mean
SD
13.82
1.74
15.14
2.18

Both conditions produced significant changes in statistics performance from the pretest to the posttest.
This finding is encouraging because it reaffirms the assumption that making criteria explicit can enhance
learning. We anticipated that the video condition would have a greater effect than the text-only condition
because it used multimedia. This prediction was not confirmed. Further exploration of the results indicated
that students in the video condition outperformed the text condition for specific statistical concepts (i.e.,
sample representativeness and sample size). The use of multimedia for modeling statistical reasoning needs
to be explored further.
Student alignment with the goals of instruction and assessment were examined by comparing student
self-assessments with teacher assessments, and with assessments by other students. Doing this verifies that
teachers are communicating their goals clearly and that the exemplars are clear, and provides a mechanism
for both the teacher and student to evaluate whether learning is occurring. Three types of assessments were
made. First, teachers assessed groups on each criterion. Second, each student group rated themselves on the
criteria by discussing their performance and reaching a consensus in their assessment. Finally, each group
assessed other group projects in the same manner. A t-test was performed to examine the mean assessment
score differences between self-assessments and group assessments, and no significant differences were
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found [t(1, 82) = .457, p < .05]. The self-assessment means (M = 13) were slightly higher than the group
ratings (M = 12), but there was not a significant difference between them. This indicated that competition to
do well on such tasks did not over-inflate their self-assessment or their assessment of others. Six
teacher/researchers rated the group projects as well. There was consensus between the teachers and the
student groups regarding which group gave the best presentation. These findings suggest that making
criteria open and visible to groups through technology helps them to align their self-assessments with the
teachers' assessment. These findings are encouraging on two fronts. First, they tell us that modeling student
performance can closely align teacher expectations with student performance. Secondly, they confirm that
technology can be a useful tool for making abstract performance standards clear and open to learners.
However, in reviewing our data we found that modeling performance standards can have an interesting
drawback, or asset, depending on your viewpoint. Namely, what you model, you get. By examining student
performance on the criterion of establishing a research question, we found that 93% of our groups
constructed a research question that was similar to the question modeled in Authentic Statistics.
Consequently, 93% of the research questions involved designing a survey. Modeling can have a major
impact on student performance; consequently, we must consider what is an appropriate model to provide to
students. If flexibility in research design is a goal of statistical problem solving then we must model the
variety of designs we want students to learn and use.
The next step in the research with ASP considers this flexibility issue in the design of a critiquing
environment in which technology is used to extend students' statistical understanding. The goal of
Critiquing Statistics is to promote reasoning about the statistical investigation process.
CRITIQUING STATISTICS
A critiquing environment is under development that will go one step beyond Authentic Statistics. In the
Authentic Statistics environment students observe and model performance standards and apply these
standards to their own projects. The addition of a critiquing environment will provide these same students
with a mechanism for facilitating discussion about what could be done better in the statistics projects that
they view through technology. Furthermore, it provides these same students with multiple models of
statistical performance rather than limiting their observations to a few examples. The critiquing
environment uses digitizing videotapes of student projects to focus the dialogue on the components of
statistical problem solving. The purpose of the environment is to promote small group discussions about the
appropriateness of statistical methods, data collection procedures, graphical representations, analyses, and
interpretation of data. The empirical question is whether or not this critiquing process can help students
perform better in designing their subsequent statistics projects. In addition to observing other students’
performance on the standards, active critiquing of such performance might further engage students in
statistical reasoning. The intent is to build a community of scientific reasoners who share their knowledge,
reasoning, and argumentation. These classroom dialogues can be used to document student reasoning in
complex learning situations that might not be assessed within the computer learning environment. These
dialogues will be recorded and analyzed to determine the nature of statistical reasoning and to document
changes in student reasoning that are facilitated by the group discussions.
If critiquing can be modeled through technology, self-regulation can occur through modeling the skills
of predicting, verifying, monitoring, and reality testing in an effort to foster comprehension regarding the
statistical processes of investigation. When students learn to evaluate others they ultimately learn to assess
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their own statistical problem-solving processes. Differences between producing and critiquing statistical
investigations will be further explored in ASP. The relationship between statistical reasoning and problem
solving will be traced between the different stages of learning. For instance, does reasoning during a
critiquing phase extend to visible changes in the research questions that are produced by students and the
types of data collection, graphing and analysis procedures that are followed?
What will it look like?
Students using Critiquing Statistics will be required to critique two research projects presented by former
students based on their understanding of the statistical investigation process (i.e., the quality of the research
question, the data collection, the data analysis, and the data presentation). The projects will vary in terms of
their strengths and weaknesses on the various statistical components, in that one group may be superior to
another on generating a research question, but not on their methods of data collection. Students using the
critiquing environment will have to determine these strengths and weaknesses themselves.
Critiquing exercise
Two presentations of research projects developed by groups of students participating in previous studies
will form the basis of the critiquing environment. Both presentations will be digitized and linked to a
HyperCard™ stack. The purpose in digitizing the videotaped presentations rather than simply showing the
original videotapes is twofold. First, all relevant information pertaining to the presentation would be
presented on one medium. Data, analyses, and graphs that are not clearly discernible on the videotape can
be copied from the groups' computer files and presented on the computer screen at the same time the
presentation is displayed. Similarly, the criteria by which students critique the performances could be
displayed next to the presentation on the screen. Students' critiques would thus be guided by the criteria
that would be readily accessible on the screen. Second, student actions can be documented better on the
computer than on a videotape of students examining a videotape. Students' requests for information
through rewind, fast-forward, and replay options could be documented, allowing researchers to isolate
specific information that influenced the students' critiques of the performance on a particular criterion (or
investigation process). Similarly, students' original, revised, and final assessments of the presentations, in
terms of grades, can be documented easily by the computer. Changes in assessment along with an index of
the information sought by students can provide some insights into the types of information that were most
salient and, consequently, affected the assessment process. Finally, students can explain the reasoning
behind their assessments and suggest ways the group presentations could be improved by typing their
explanations and suggestions directly in the environment or document. To complement this information,
students' verbal explanations will be audio-recorded.
Once students critique an entire presentation, they will be shown how an "expert" statistician would
critique the research project. The purpose of providing students with an example of an expert critique is to
provide feedback about the assessment process and bring students' evaluations in alignment with the
assessment goals of this project. This feedback should facilitate their critique of the second presentation.
Furthermore, making expert thinking visible through the expert's critique can help students' internalize a
mental model of the statistical investigation process.
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Tentative presentation format of Critiquing Statistics
The presentation format of Critiquing Statistics is still tentative. Students will view two research
presentations, one at a time. The goal is to have students critique each presentation individually to ensure
that they examine each digitized video presentation fully. Each group will discuss how to assess each
component and then reach consensus about the assessment scores for each statistical component. The
groups will discuss which of the two presentations is better and why. Critiquing Statistics is conceived of as
containing four major components. The first component involves viewing the descriptions of each statistical
criterion with specific questions directing students about what is important to address in statistics projects
and how answering these questions leads to meeting the assessment criteria (see Figure 5). The second
component involves playing the digitized presentation, discussing possible assessment ratings, and then
allocating a score for that presentation on a particular criterion (see Figure 6). Close-up pictures of data
files (in Data Collection), analyses (in Data Analysis), and/or graphs (in Data Presentation and in some cases
Data Analysis) will be provided because these tend to be unclear in the videotape. The students discuss their
reasoning for each assessment before they type their ratings for each question on the line next to the
maximum value allotted for each question. The presentation can be replayed at any time. The third
component consists of a debriefing session where students will be required to elaborate on their
assessments.

Data Collection
Specify what type of data was collected, how much data was collected, where the data was
collected, and how representative the data was.
5 points
Type of data
1 point
How much data
Is the sample size specified?1 point
Digitized Video
Clip
Is the group size specified?
(i.e., if they group data by a
category such as gender)1 point
Where the data is collected
Is where the data is collected
specified? 1 point
Is the sample or are the
categories in the research
Rewind
Play
Fastforward
question representative?1 point
Pause

Figure 5: Example of general information for data collection component of Critiquing Statistics
This debriefing component will entail comparing the two presentations and indicating which was better
and why. At this point, Critiquing Statistics will list the ratings that students assigned on each criterion for
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each presentation (a mechanism will be developed so that ratings are tracked by the computer and shown to
students at this point). This list will allow students to review their ratings. The fourth component consists of
an "expert" critique, so that students can compare their critique of the presentations with an "expert" who
outlines his/her reasoning behind his/her critique. The overall process involved in performing this reasoning
task is expected to enhance students' understanding of statistics. Students' understanding and their
reasoning which was developed through the Critique Statistics task is expected to be reflected in the design,
implementation, and presentation of a second research project.

Data Collection
Type of datacollected

1 point

Did the group say what type of data they collected?

Data File

If so, type the type of data that was collected on the
line below
Did the group correctly identify the type of data
they collected?
If not, what type of data did they really collect?
Rewind
Score

Play

Fastforward

Pause

Figure 6: Example of critique component of Critiquing Statistics
CONCLUSION
The research described here provides some prototypes of statistical learning environments for middle
school students. Three environments were described, and one of these was empirically evaluated. The
Authentic Statistics environment proved successful in modeling performance standards for the statistical
process of investigation. Furthermore, it helped students monitor and assess their own progress towards
meeting these standards. Future studies should investigate the effectiveness of the other environments in
terms of improving learning and assessment in statistics.
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Gail Burrill
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SUMMARY OF DISCUSSIONS FOLLOWING PAPER PRESENTATIONS
The conference demonstrated that technology can have a profound impact on teaching and learning
statistics. Discussions of the working group throughout the presentation of papers raised a variety of issues
related to this impact. Anne Hawkins positioned the entire discussion with the questions "What makes a
good teacher and what makes good technology?" A good teacher knows how to not just "use" technology
but to make it an effective part of the teaching and learning process. The group was reminded that
probability and statistics requires a different sort of thinking and that many teachers do not think in
probabilistic and statistical terms. A different premise was suggested, in light of rapidly changing
technology; there is a real need to define the statistics curriculum so that it is independent of technology
and courses do not focus on the use of one particular technology but rather the concept. Participants noted
that in some countries students bring virtually no formal statistics knowledge to a course, and the aim of
teachers is to get statistics more situated in the curriculum. Both the need for the professional development
of teachers in order for them to effectively teach statistics and use technology to teach statistics, as well as
the need to have a clearly defined statistics curriculum were underlying themes of the rest of the discussion.
Good technology helps students learn. After several of the papers were presented, this relation between
technology and learning was addressed. The question was raised about what sequence of activities will lead
to understanding. One comment, regarding an activity involving graphing calculators, suggested that the
focus of the activity was on the statistical process, but technology aided in calculations and the investigation.
In the discussion following a presentation on Tabletop Software, it was suggested that the dynamics of the
software allowed students to build a continuity from their understanding of properties of single cases to the
more abstract statistical features that emerge when multiple cases are arranged in statistical displays.
Another comment was made that perhaps the use of colors adds a third variable that supports student
reasoning about more than one or two variables at a time, demonstrating how computers allow us to help
students build understandings of aspects of uncertainty and how variables behave, which are both essential
to understanding statistics. One participant added that computers gave students opportunities to look at an
entire process and confront misconceptions right from the start.
Discussion about the relation between technology and teaching was primarily on the actual use of
technology in teaching. In response to a question about difficulties students have with software, one
participant indicated that group activities often engage students but they may not focus their attention on
conceptual issues. One advantage of a single computer setup is that the teacher can use it to focus class
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discussion on important statistical concepts. An issue was raised about the time it takes to become
acquainted with new technology and whether it takes more time to teach statistics this way. One respondent
stated that students are often willing to spend time on their own because of their interest in doing the
computer investigations. It was suggested that teachers need to use "myth-conceptions" as a source of
intuitive guidance in the development of educational technology.
Assessment issues were also part of the discussion. One participant indicated that current assessment
objectives in the United Kingdom guided their work, but if the instruction succeeds in promoting
understanding, students should do well on a variety of assessment items. In another country, students appear
to respond well to multiple assessments in their project, which included an emphasis on self-assessment.
WORKING GROUP DISCUSSIONS
The working group followed these discussions with a summary session where they synthesized the issues
and then looked to the future. The issues encompassed professional development, curriculum, materials,
assessment, research, and communication. Their suggestions for a vision of the future for teaching statistics
included new data sources, more collaboration (across students, classes, schools, and borders), multimedia
and video conferencing, more personal technology for teachers, and continued change in the nature of
statistics. Based on the issues and the vision, and mindful of Anne Hawkins’ questions about what makes a
good teacher and what makes good technology, the group offered the following recommendations:
There is a need on behalf of those in statistics education to promote research on student learning and
the role of technology. What is the relationship among student understanding, statistical reasoning, and the
role of technology? How can technology (including forms that are not yet developed but are possible) be
used to enhance the development of statistical understanding as well as to carry out the actual processes of
statistics? The discussion suggested some possible links, but clearly opened the way for more work.
Identify critical issues around student understanding of statistical topics. Careful analysis of these issues
will provide the information necessary to develop a sequence of activities, both within a lesson and
throughout a broad development of statistics, that will enable students to build on what they have learned
and in the process put the issues in perspective. Misconceptions as well as a sequence for learning were part
of the discussion in this respect.
Create an international center for sharing ideas, research findings, materials, and resources. There is
a need to synthesize and disseminate the results of implementation and research to prevent reinventing the
wheel. There is currently no formal mechanism for sharing the results of research on effective ways to teach
a concept or on the ways students come to understand a statistical idea. Even sharing professional
development models can be beneficial to those in the field. The conference itself was a good illustration of
the benefits of sharing.
Develop different models of professional development, in particular ones to help address issues of
scaling. There are large numbers of existing teachers with little statistical background on which to build, yet
most current professional development strategies involve small cadres of teachers. There is a need to find
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efficient and effective ways to reach teachers and to provide continuing support for them as they both learn
statistics and how to use technology to teach statistics.
Create networks among teachers in elementary, secondary schools, and universities. Bringing
together those with different perspectives about teaching statistics will enable discussions to take place about
content and pedagogy. It will also encourage teachers to become researchers and to reflect with others
about what works and what does not and why.
Design activities to measure where students are in their statistical understanding - at all levels
including secondary school. There is a need to build continuity into the curriculum so concepts are not
developed anew at each grade level but rather that increased understanding is part of the design. This
includes thinking about the appropriate place in the curriculum in which to teach the "big ideas" of
statistics, about statistics as a cross-curricular subject and as a part of a core curriculum. It also includes
recognition that students come to statistics with knowledge from other disciplines, knowledge that should be
integrated not separated.
Create flexible learning environments in which teachers and students are ready to adapt to new and
different technology, recognizing that it will continue to improve and become more available. Promote
more and better use of the World Wide Web in the statistics classroom as well as other forms of technology
and be thinking about other forms of technology, such as interactive voice, that are not yet on the market.
This will affect curriculum design and materials; care should be taken to isolate the important statistical
ideas in ways independent of technology. Sharing data among classrooms and countries can become
commonplace.
Increase awareness and professional development about the changing nature of statistics. Statistics is
not a fixed subject, but one that is growing and changing as demand for its application becomes stronger
and as technology enables us to think of new and more revealing ways to process information and use the
results to make decisions. Teachers will need help in accepting and incorporating into their classroom these
new ideas and ways to think.
Develop curricula that has statistics for everyone and statistics for future statisticians. There is already
a tension between the statistics needed for literate citizenry versus the statistics needed for a university core
curriculum versus statistics needed for a profession.
Work towards changes in assessments that will include alternative ways to assess students on what
they know about statistics. Technology can be useful in recording and reporting the statistical processes
students use as well as the results. The role of statistics in matriculation exams at the end of high school and
in other compulsory exams can have a major impact on the acceptance, and on the level of statistics, that is
taught in the curriculum.
There is a need on behalf of those in statistics education to promote research on student learning and the
role of technology. What is the relationship among student understanding, statistical reasoning, and the role
of technology? How can technology (including forms that are not yet developed but possible) be used to
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enhance the development of statistical understanding as well as to carry out the actual processes of statistics?
The discussion suggested some possible links, but clearly opened the way for more work.
As these recommendations are considered, two underlying concerns should be addressed. There will be
increasing tension between those who are comfortable using technology and those who are not. This may
have a negative impact on students in two ways. First, teachers who are adept with technology may give their
students an advantage over students whose teachers avoid technology. Second, students who are not
comfortable with technology or who do not have access to technology may avoid using it and, thus, find the
subject much more difficult than it should be. The second tension may arise from the process of
communication, necessary in order to make any of these recommendations a reality. Even within countries,
but particularly across countries, there is not necessarily a clear and common interpretation of words such
as proportion, project, or data analysis. As we strive to reach our common goals, it is imperative that we
recognize that our language may lead to different understandings. Thus, we must be as clear and concise as
possible in our discussions.
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SOFTWARE FOR TEACHING STATISTICAL CONCEPTS
Robert C. delMas
The University of Minnesota

INTRODUCTION
As an instructor of introductory statistics, I have developed several computer applications aimed at
facilitating students' development of statistical concepts. The software design has been influenced by my
experience in teaching statistics; the knowledge of learning, problem solving, and cognition that I have
gathered as a cognitive psychologist; and my experience with computers as both a computer user and a
computer programmer. My teaching experience has left me with the impression that many students find it
particularly difficult to gain a rich understanding of some statistical concepts, such as the central limit
theorem. The ideas in cognitive psychology and learning that I gravitate toward hold that students develop
concepts by actively testing ideas (i.e., hypotheses) based on conjectures and implications formulated as
they try to make meaning out of their experiences.
One piece of software that I have developed is called Sampling Distributions. The software is probably
best described as a simulation in that it allows students to change settings and parameters in order to test
implications of the central limit theorem. Sampling Distributions allows a student to manipulate the shape,
and, consequently, the parameters of a parent population (see Figure 1). In the Population window, a
student can select from a set of predefined population shapes or create their own population distribution.
The shape of the population distribution is changed by using up and down arrows that "push" the curve up
or down at various points along the number line. As the distribution's shape changes, Sampling
Distributions calculates parameters such as the population mean, median, and standard deviation and
displays the numerical values. Once the student is satisfied with the look of the population, he/she can draw
samples.
The Sampling Distributions window (see Figure 2) allows a student to draw samples of any size and to
designate how many samples will be drawn. The program calculates the mean and median for each sample
and presents graphic displays of the distributions of the means and medians, that build up rapidly in real
time, one sample mean at a time. Summary statistics are calculated and presented for the sampling
distributions: the means of the sample means standard deviations and the standard deviation of the sample
means. The sampling distribution statistics can then be compared to the population parameters and to
σ
theoretical values such as
where σ is the standard deviation and n is the sample size.
n
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Figure 1: The population window of the Sampling Distributions program

Figure 2: The sampling distributions window
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I have revised Sampling Distributions often. It started as a HyperCard stack, was transformed into a
stand-alone Pascal application for the Macintosh, and since then has gone through about four major
revisions. The changes and revisions have been influenced by several sources of feedback: my personal
beliefs about how students learn as outlined above, comments from colleagues who have used the program
in their classrooms, what appears to work or not to work as I have observed students using Sampling
Distributions, and the written comments of students who have offered evaluations and "wish lists" of
features. These have been the informal sources of evaluation and assessment I have relied on to improve the
program.
Now that the program has developed to a stage that I believe is fairly complete, I find myself wanting to
address more substantive questions of evaluation and assessment. The questions fall into two areas. The first
question is one of value or quality: To what extent does the Sampling Distributions program display the
characteristics of a "good" piece of educational software? The second question is one of effect or impact:
To what extent does the Sampling Distributions program facilitate students' development of concepts
related to the central limit theorem? The first question requires a set of criteria or characteristics against
which the Sampling Distributions program can be compared. The second question requires a rationale to
guide the design of measures and outcomes that will provide meaningful feedback about the state of
students' concepts as a result of having interacted with the program. The remainder of this paper will
attempt to address the first question by providing a rationale for a set of characteristics that define "good"
educational software. The Sampling Distributions program will then be compared against the set of
characteristics.
DEFINING UNDERSTANDING
Software Goes to School: Teaching for Understanding with New Technologies (Perkins, Schwartz, West,
& Wiske, 1995) provides the means for developing a list of software characteristics. The book consists of 15
chapters by numerous authors. Many of the authors have engaged in the systematic exploration of how
technology can help students learn with understanding in science, mathematics, and computing. The various
chapters present definitions and frameworks that address what it means to learn with understanding, ideas of
what constitutes software that facilitates understanding, and examples of software programs that incorporate
these ideas.
At the heart of the book is the conviction that only software that facilitates conceptual understanding will
be discussed. The authors recognize that a definition of understanding is needed in order to provide a
meaningful discussion of how software should be designed to promote understanding. Several authors offer
perspectives on what it means to learn with understanding or to behave in ways that reflect a deep
understanding of a concept. Nickerson (1995) offers a list of abilities that might constitute a demonstration
of understanding. An individual demonstrates understanding when he or she can:
•
•
•
•
•
•

Explain a result or observation to the satisfaction of an expert.
Apply knowledge appropriately in various contexts.
Produce appropriate qualitative representations for a concept.
Make appropriate analogies.
Effectively repair malfunctions (of ideas, predictions, models).
Accurately predict the effects of change in structure or process.
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Although this list provides an intuitive guide for determining when understanding is demonstrated, it
does not provide an operational definition or a reliable means for identifying understanding. For the most
part, determining whether or not a student's learning has led to understanding is left to the judgment of an
expert (i.e., the instructor).
A similar list is delineated in a chapter by Perkins, Crismond, Simmons, and Unger (1995). A student
demonstrates understanding when he/she provides an explanation that:
•
•
•
•

Provides examples.
Highlights critical features of concepts and theories.
Demonstrates generalization or application of concepts to a new context through the revision and extension of
ideas.
Provides evidence of a relational knowledge structure constructed of a complex web of cause and effect
relationships.

Although this list goes a step further than the Nickerson (1995) list by identifying a vehicle for
observing understanding (explanation), judgment on the part of the instructor (or a body of experts) is still
required to identify appropriate examples, a list of critical features, appropriate generalizations, and,
perhaps, the nature of the knowledge structure. As Nickerson (1995) points out, it is difficult to define
understanding without being circular. This is pointed out again in a chapter by Goldenberg (1995) in
which he discusses how computer simulations can be used to conduct research aimed to develop an
understanding of understanding. In other words, software designed to facilitate understanding is used to
gain insight into the nature of understanding, which presents a somewhat circular arrangement.
Nonetheless, a common theme presented in the book (Perkins et al., 1995) is that understanding is more
than just a collection of discrete pieces of information that might result from the rote memorization of
terms and definitions or hours of drill and practice. In summary, the authors of Software Goes to School
see understanding represented internally as a dynamic knowledge structure composed of complex
interconnections among concepts that enables the individual to effectively anticipate events, predict
outcomes, solve problems, and produce explanations, even under somewhat novel conditions.
Understanding can also be thought of as more than just a state of knowledge. Nickerson (1995) suggests
that understanding can also refer to the set of mental processes that produce a knowledge structure that is
more adequate, functionally, than the structure previously held by a learner. Understanding is both a state
and the process by which the state is produced, which again sounds somewhat circular. Perhaps it is the
elusive nature of understanding that makes it so difficult to teach and for students to learn.
MODELS OF UNDERSTANDING
So far, understanding is described (1) as a knowledge structure built of complex relationships among
concepts that allows an individual to produce explanations and predictions, and (2) as a set of processes that
enable an individual to revise old structures and produce new ones in order to deal with new contexts and
problems. A better description of the structure and processes that underlie this dualistic view of
understanding is needed in order to provide recommendations for software design that will promote the
development of understanding.
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Several of the authors of Software Goes to School (Perkins et al., 1995) offer models for both the
structure and process of understanding that range from the general to the specific. Carey and Smith (1995)
believe that the development of understanding is best captured by a constructivist perspective. They suggest
that the traditional view is that scientific understanding is developed solely by empirical observation or as
the product of inductivistic activity. They argue, and provide some evidence, that both the cognitive
development of understanding and the activity of scientists is better represented by a constructivist
epistemology in which beliefs held by the individual guide the generation of testable predictions and the
interpretation of observations. The authors provide a broad perspective regarding the type of activity that is
supported by understanding and that leads to the extension or development of new understanding.
However, the description does not present much detail about the processes that develop understanding or
that allow an individual to act with understanding.
Perkins et al. (1995) provide a model developed by Perkins (1993) called the Access Framework to
account for differences in peoples' ability to produce explanations. The model proposes that information
resides in memory in the form of explanation structures, an entity that sounds similar to the notion of a
schema or script (Rumelhart, 1980; Schank & Abelson, 1977). According to the Access Framework, some
parts of the explanation structure are well-rehearsed and form a foundation, but other parts are novel,
created at the moment as extensions of the structure.
The Access Framework holds that an individual needs access to four types of resources to produce
effective explanations. The four types of access are:
•
•
•
•

Access to knowledge that is relevant to a situation, context, or problem.
Access to appropriate representational systems.
Access to retrieval mechanisms that can recover relevant information from memory or external sources.
Access to mechanisms (processes) that produce conjectures and elaborations in order to extend knowledge to new
situations or to build new explanation structures.

Perkins et al. (1995) prescribe the types of instruction that help develop an effective explanation
structure. In addition to content knowledge, instruction should develop a broad repertoire of problemsolving strategies to promote flexibility. Representations should be provided that are concrete and provide
salient examples of concepts that are not familiar to the student. Learning should occur in problem-solving
contexts in order to promote rich interconnections among concepts and to facilitate memory retrieval.
Activities should be designed that require students to extend and test ideas so that knowledge structures are
elaborated and extended. Although these prescriptions take a step toward defining software features that
promote learning for understanding, the account is still lacking as a description of the structure and
processes that constitute understanding.
Perkins et al. (1995) do provide some detail about two aspects of the Access Framework--the structure of
knowledge and the mechanisms used to retrieve information. They rely on connectionist models of
memory organization such as Anderson's (1983) ACT model of spreading activation. In the ACT model,
accessing information in one part of an information structure can prime other information for retrieval
given that relational links have been established through prior learning. This, however, is the extent of the
detail; no clear description of either how the connections are formed or the conditions that promote the
development of connections is given.
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Holland, Holyoak, Nisbett, and Thagard (1987) have argued that although connectionist models of
memory organization can account for a wide variety of phenomena, they have their limitations. Strong
evidence for spreading activation is provided by studies of lexical priming (Collins & Loftus, 1975;
Fischler, 1977; Marcel, 1983; Meyer & Schvaneveldt, 1971). However, there is much evidence suggesting
that spreading activation does not occur automatically and that it does not spread throughout the entire set
of concepts connected to the initially accessed information (de Groot, 1983; Thibadeau, Just, & Carpenter,
1982). Holland et al. argue, instead, that many memory and problem solving phenomena are better
explained by a model in which the spread of activation is mediated by rules that vary in their strength of
association and compete with each other for entry into working memory.
The goal of Holland et al. (1987) was to describe a model or framework that would begin to account for
inductive reasoning. I will refer to the Holland et al. framework as the Inductive Reasoning Model. For
Holland et al., an inductive reasoning system allows a person to:
•
•
•
•
•

Organize experience in order to produce action even in unfamiliar situations.
Identify ineffective rules for action.
Modify or generate rules as replacements for ineffective rules.
Refine useful rules to produce more optimal forms.
Use metaphor and analogy to transfer information from one context to another.

This list of abilities and the Access Framework have many similarities.
I will attempt to describe the features of the Inductive Reasoning Model that are most relevant to the
discussion of how students develop understanding. Not all the activity of an inductive reasoning system
involves induction. According to the model, an individual is motivated to develop a knowledge structure
that provides accurate predictions. As long as correct predictions can be made by the system, very little
change is made to the system. Inductive processes are triggered by the failure of the system to make
effective, successful predictions. This assumption is similar to the constructivist perspective of Carey and
Smith (1995) mentioned above. Rules that lead to successful prediction are strengthened, and those that do
not are modified or discarded. A rule's strength is directly related to its ability to compete with other rules
that have their conditions satisfied. An important aspect of the Inductive Reasoning Model is that more than
one rule can be selected, and a limited capacity for parallel processing is assumed so that rules with the
highest "bids" can run simultaneously.
Rules are the cornerstone of the Inductive Reasoning Model. Rules are represented as condition-action
pairs similar to the production rules defined by Newell (1973; Newell & Simon, 1972). The Inductive
Reasoning Model proposes that information is stored in the form of production rules rather than static
pieces of information connected by links. Production rules are essentionally if-then statements: If the
condition is met, then the action is taken. An inductive reasoning system "decides" what action to take by
identifying rules whose conditions are met, by using processing rules to determine which rules with met
conditions are to be executed, and by executing the selected subset of rules. One implication is that
predictions and explanations are not formed by strict pattern matching, as might be proposed by
behaviorist or connectionist points of view, but rather are often constructed on the spot.
There are several activities that an inductive reasoning system performs to support the development of
understanding: rules that produce reliable predictions are strengthened; rules that are commonly executed
together become associated; the rule system is modified through the identification of new objects and
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events to which rules can be effectively applied; and new rules are produced to account for exceptions.
When a rule or set of rules produces useful and effective predictions, the primary change that occurs in the
inductive reasoning system is the strengthening of the rule set. When a novel object or situation is
encountered, the inductive reasoning system identifies a set of rules with the highest strengths that have their
conditions met. These rules are modified by adding the unique features of the novel object or situation to
the conditions of the production rules.
Whether the new extended rules gain strength, become modified, or are discarded depends on their
future utility. Finally, objects and events that match the conditions at higher levels in the hierarchy but
produce failures will invoke general system rules to generate new rules that record the failures as
exceptions.
One critical implication of the Inductive Reasoning Model is that effective prediction is dependent on an
ability to encode critical features of the environment. Holland et al. (1987) propose that an inductive
reasoning system has three broad responses to failure. Extreme failure encountered during the early stages
of learning prompts an inductive reasoning system to find a new way to categorize the environment. This is
dependent on an organism’s ability to encode features of the environment that are relevant to accurate
prediction. As learning progresses and successful predictions become more frequent, failure will result in
the generation of rules that account for exceptions. Again, the system must encode relevant features of the
environment that can be incorporated into the condition part of an exception rule. Late in learning, after
the default hierarchy has become quite specialized, failure is likely to be treated as evidence of uncertainty.
At this stage, failure results in the generation of rules that produce probability estimates instead of more
specific predictions. In general, the success of an inductive reasoning system is dependent on its ability to
detect and categorize features of the environment that evoke rules, that can be used to modify existing rules,
or that become the building blocks for the generation of new rules.
Holland et al. (1987) elaborate on how bids are determined, describe the nature of system processes that
might be used to modify rules and generate new ones, and provide convincing examples of how the model
can account for behaviors ranging from operant conditioning to complex problem solving. These details
are beyond the scope of this paper (and, at times, my full comprehension). Nonetheless, the features
presented above provide some implications for conditions that support the development of understanding. I
propose that the ability to provide explanations and the ability to make predictions stem from similar
knowledge structures and cognitive processes, and that both of these abilities reflect understanding. The
Inductive Reasoning Model suggests that understanding is facilitated when learning conditions are
established that (the I prefix is used in reference to the Inductive Reasoning Model):
I1.
I2.
I3.
I4.
I5.
I6.
I7.

Facilitate the student's encoding of relevant information by relating new entities to familiar,
well-rehearsed encodings.
Promote the simultaneous encoding of key features of the environment.
Provide ways for the student to make and test predictions.
Promote frequent generation and testing of predictions.
Provide clear feedback on the outcomes of predictions.
Make it clear to the student which features of the environment are to be associated with the outcome
of a prediction.
Promote the encoding of information that relates the variability of environmental features to specific
actions.
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This set of recommendations emphasizes the roles that encoding, prediction, and feedback play in the
development of understanding. All three are needed to support the strengthening, revision, and generation
of rules, as well as the fleshing out and extension of categories and concepts. Consistent with the definitions
of understanding provided by Nickerson (1995) and Perkins et al. (1995), the Inductive Reasoning model
implies that a student's ability to provide explanations and to solve problems is dependent on the
development of a complex web of interrelationships among concepts (i.e., rules).
SOFTWARE FEATURES THAT FOSTER UNDERSTANDING
Several of the authors in Software Goes to School. (Perkins et al., 1995) prescribe conditions that
promote the development of understanding. Nickerson (1995) provides five maxims for fostering
understanding that place an emphasis on encoding, exploration, and prediction, which is consistent with the
characteristics of an inductive reasoning system. Nickerson makes the important point that although
technology does not promote understanding in and of itself, it does represent a tool that can readily
incorporate the five principles listed above. Real-world models can be developed as explorable microworlds
that allow students to test out assumptions, make predictions, highlight misconceptions so that they "stand
out," and promote active processing by changing parameters and defining entities. Computer simulations
can present dynamic representations that go beyond the modeling of static entities by making the processes
that produce phenomena more concrete and observable.
A list of software features that promote the development of understanding can be developed through an
integration of Nickerson’s first four maxims with the learning conditions suggested by the Inductive
Reasoning Model (the F prefix is used in reference to software Features). These features include:
F1. The program should start where the student is, not at the level of the instructor (I1).
The program should accommodate students' conceptual development in a domain, common
misconceptions that occur, and the knowledge that students typically bring to the classroom.
F2. The program should promote learning as a constructive process in which the task is to provide
guidance that facilitates exploration and discovery by
(a)
providing ways for the student to make and test predictions (I3),
(b)
promoting frequent generation and testing of predictions (I4), and
(c)
providing clear feedback on the outcomes of predictions (I5).
F3. The program should use models and representations that are familiar to the novice. Novices tend to
generate concrete representations based on familiar concepts or objects from everyday life. This will
facilitate the student's encoding of relevant information by relating new entities to familiar, well
rehearsed encodings.
F4. Simulations should draw the student’s attention to aspects of a situation or problem that can be
easily dismissed or not observed under normal conditions. The program design should
(a)
promote the simultaneous encoding of key features of the environment (I2),
(b)
make it clear to the student which features of the environment are to be associated
with the outcome of a prediction (I6), and
(c)
promote the encoding of information that relates the variability of environmental features to
specific actions (I7).
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Nickerson’s (1995) fifth maxim describes features of the classroom environment that best promote
understanding. Another chapter from Software Goes to School. (Perkins et al., 1995) by Snir, Smith, and
Grosslight (1995) provides some additional recommendations for how software can be used in the
classroom to promote understanding. A combination of Nickerson’s fifth maxim with three
recommendations made by Snir et al. provides a set of general guidelines for the incorporation of software
into a course in which the intent is to develop students’ conceptual understanding (the C prefix is used in
reference to the Classroom or Curriculum). These guidelines consist of:
C1. Provide a supportive environment that is rich in resources, aids exploration, creates an
atmosphere in which ideas can be expressed freely, and provides encouragement when students make
an effort to understand (Nickerson, 1995).
C2. The curriculum should not rely completely on computer simulations. Physical activities need to be
integrated with computer simulations to establish that the knowledge gained from simulations is
applicable to real world phenomena (Snir et al., 1995).
C3. Instructional materials and activities designed around computer simulations must emphasize the
interplay among verbal, pictorial, and conceptual representations. Snir et al. (1995) have observed
that most students will not explore multiple representations on their own accord and require
prompting and guidance.
C4. Students need to be provided with explicit examples of how models are built and interpreted in
order to guide their understanding (Snir et al., 1995). Although we are guaranteed that students will always
attempt to come to some understanding of what they experience, there is no guarantee that students
will develop appropriate and acceptable models even when interacting with the best-designed
simulations.

EVALUATING A SOFTWARE PROGRAM
As stated in the introduction, my intent for detailing a list of software features and guidelines was to
evaluate the merits of the software that I developed, Sampling Distributions. How well does the Sampling
Distributions program fare when compared to the recommended software features outlined above? For
example, does the program meet students at their current level of understanding (F1)? This is a difficult
question to answer. The program is used in the second half of the term, once students have had several
weeks of experience with descriptive statistics and frequency distributions. I assume that the concept of a
frequency distribution, continuous distribution, standard types of distributions, and various descriptive
statistics such as the mean, median, standard deviation, and interquartile range are familiar given that they
form a major part of the content and activities presented in the first half of the course. The Sampling
Distributions program uses these concepts to present information related to the central limit theorem. In this
respect, the program appears to start where the student is and uses representations that should be familiar to
the student.
Does the program reflect the emphasis placed on encoding (F4)? There are many ways in which
Sampling Distributions has been designed to facilitate the encoding of key features as well as the
association of related features and ideas. For example, the program reinforces the association between labels
for distributions and the shape of the distributions as the student selects one of the standard forms by
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clicking a button in the Population window. Sampling Distributions also supports the presentation of
multiple representations simultaneously so that concepts from different representational systems become
associated (F4c). A student can, if prompted, observe how the various population parameters change as the
shape of the distribution is manipulated. For example, students can be instructed to start with a normal
distribution and then incrementally increase the frequency at the high end of the distribution by clicking
the up arrow for the value 10. Students are asked to record the population parameters after each
incremental increase. A comparison of the change in both the mean and the median provides a way for
students to observe directly that extreme values have a greater effect on the mean than the median. This is
an example of the type of guidance that Snir et al. (1995) suggest is needed to make appropriate use of
simulations in the classroom. This also provides an example of how experience with the Sampling
Distributions program can help students create associations between actions and outcomes, a necessary step
for building understanding that is implied by the Inductive Reasoning Model (F4b).
Encoding enhancements are also present in the Sampling Distributions window. Students observe the
creation of the sampling distribution, one sample mean at a time, so that they have a visual, concrete record
of the process (F3). Verbal and visual referents are presented together (the label "Distribution of Sample
Means" is placed above the frequency distribution) to promote association. The graphs provide visual
representations of center and spread, and the sampling distribution statistics provide symbolic counterparts
(F2c and F4a). Again, as pointed out by Snir et al., the students cannot be assumed to make these
connections automatically, so activities are designed to highlight the correspondence between the visual
representation and the sampling distribution statistics.
For example, students can be asked to identify which statistic corresponds to the spread of the sampling
distribution of sample means--the typical choices are the mean of sample standard deviations or the
standard deviation of sample means (F4b). Some students inevitably select the former, which can prompt a
discussion of which is the correct selection and why. This can lead to focusing on the theoretical value of
σ
and its relationship to the sampling distribution. I also have students position the Population and
n
Sampling Distributions windows so that they can see both the population parameters and the sampling
distribution statistics, then ask them to identify the correspondences between the two sets of values (F4a).
Deeper understanding can be promoted by asking students to provide explanations of how two values are
related (e.g., that the mean of sample means provides an estimate for the population mean or is expected to
equal the population mean).
The Sampling Distributions program can facilitate guided exploration and discovery by allowing
students to change the shape of the population or the size of the samples drawn and then run a simulation
by randomly drawing a large number of samples (F2a). Students are provided with a sheet that asks them to
start with a normally distributed population and to draw 500 random samples. A recording sheet is
provided that prompts the students to change the sample size in increments from n = 5 to n = 100 (F2b).
The sheet provides spaces for the student to record the sampling distribution statistics that result and to
describe the shape, spread, and center of the two sampling distributions (F2c). After completing the last run
for n = 100, several questions are presented to the students to promote the development of explanation
structures: What is the relationship between sample size and the spread of the sampling distributions? Which
distribution tends to have the larger spread, the one for sample means or the one for sample medians? At
what sample sizes do each of the sampling distribution statistics begin to stabilize (not change significantly
as the sample size is increased)? Did the sampling distribution statistics provide good, accurate estimates of
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the population parameters? Overall, did the sampling distribution statistics behave in accordance with the
central limit theorem?
Some of these questions might prompt students to conduct additional runs (F2b). For example, a student
may conduct several runs at n = 5, several runs at n = 10, and several runs at n = 25 to see if fluctuations in
the sampling distribution statistics are larger for one sample size than for another. This type of activity
helps students develop specificity in their understanding (e.g., there is a bit of variation in the standard
deviation of sample means for sample sizes below 15 or 20, but the statistic becomes more consistent with
larger samples) and to form generalities (e.g., regardless of the sample size, the mean of the sample means
is always very close to the population mean).
Once a student completes the prescribed simulations, he/she is free to explore (F2a and F2b). The
activity suggests that students create different population distributions by selecting one of the preset
distributions provided by the program or by creating distributions of their own design. I provide
illustrations of a bimodal and a trimodal distribution as possibilities (see Figures 3 and 4, respectively).
Students typically need 10-15 minutes to go through the prescribed simulations. They typically spend 3045 minutes exploring non-normal population distributions using additional recording sheets provided with
the activity.

Figure 3: Creating a bimodal distribution in the population window
I stop the activity after an hour's time and engage the class in a discussion of what they observed. Classes
come to the consensus that with large enough samples the sampling distribution of sample means will tend
to be normal in shape regardless of the shape of the population. The use of the program to test out
predictions helps students to draw an abstract generalization from concrete experience and observation
(F3). I am sure that a physical apparatus could be constructed that would provide students with a similar
experience, but I believe it would not allow students to explore as many possibilities in the same amount of
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time and with the same amount of feedback on the relationship between visual and symbolic representations
of the sampling distributions.

Figure 4: Creating a trimodal distribution in the population window
FUTURE DEVELOPMENTS
My conclusion is that the Sampling Distributions program does exhibit many features that should
promote conceptual development and understanding. Although it is easy to see the features that are
included in a piece of software, it is more difficult to take an objective look and identify features that are
missing. A review of the models of understanding presented earlier has helped me identify enhancements
that may improve the effectiveness of the program. For example, lines similar to those used in the Sampling
Distributions window can be included in the Population window to identify the population mean and
median. This should facilitate the formation of associations between the visual placement of the symbolic
values in the graph of the Population Window (F1) as well as support an understanding of the relationship
between the population parameters and the sampling distributions (F4). Another idea is to provide a button
that superimposes the shape of a normal distribution over the bar graphs for the sampling distributions,
based on the theoretical parameters of the Central Limit Theorem (F2). This would facilitate students'
judgment of whether or not the sampling distributions are normal in shape and match the implications of
the central limit theorem.
Although Sampling Distributions has many features that should help students develop their conceptual
understanding of sampling distributions, this does not necessarily mean the program is effective. This is an
empirical question that requires research on whether or not students’ conceptual understandings change as
a result of using the software and, if so, in what ways. My colleagues (J. Garfield and B. Clothier from the
University of Minnesota, and B. Chance from the University of the Pacific) and I will begin to explore the
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outcomes related to students interactions with Sampling Distributions during the upcoming year. Our
research will initially look at students’ understandings and expectations for the shape, center, and spread of
sampling distributions. In keeping with the guidelines for the incorporation of software into a course stated
above (C1 to C4), the research will explore how understanding changes when the Sampling Distributions
program is used in different activities under different conditions. One planned study is to compare the
effects of having students explore the effects of many different sample sizes for only a few, preset
population distributions with the effects of having students examine sampling distributions generated from
many population distributions but over a range of fewer sample sizes. We also plan to examine differences
in understanding between students who interact directly with the Sampling Distributions program and
students who receive instruction about sampling distributions either through a primarily lecture-based
format or through the demonstration of other simulations.
We plan to gather several different types of information. One source of information will consist of
interviews conducted with students as they use the software, which is similar to the approach described by
Goldenberg (1995). Along with the interviews, we plan to conduct pretest/posttest assessments using a
graphics-based measurement instrument. Pretests will be given to students in introductory statistics courses
at the point in the course when the central limit theorem is typically introduced. The posttest will be
administered after students receive more detailed instruction on sampling distributions. The instruction may
include the presentation of simulations or hands-on experience with sampling distributions either through
experiments with physical objects or using the Sampling Distributions program.
An example of the graphs for one test item are given in Figure 6. After looking over the graphs, students
are asked to respond to a question like the following:
Which graph represents a distribution of sample means for samples of size 4? (circle one).

Students are also presented a set of reasons and asked to select the ones that come closest to matching
their reasons for their chosen graph. Some examples of the reasons are shown in Figure 5.

❏
❏
❏
❏

I expect the sampling distribution to be shaped like a NORMAL DISTRIBUTION.
I expect the sampling distribution to be shaped like the POPULATION.
I expect the sampling distribution to have LESS VARIABILITY than the POPULATION.
I expect the sampling distribution to have MORE VARIABILITY than the
POPULATION.
Figure 5: Reasons for selecting a graph (in Figure 6)

For each situation, a second question is asked with respect to drawing samples of a larger size, such as:
Which graph represents a distribution of sample means for samples of size 25? (circle one).

Students are again asked to identify the reasons for their choices. Some additional reasons are included,
as shown in Figure 7.
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The distribution for a population of test scores is displayed below. The other five graphs labeled A to E
represent possible distributions of sample means for 500 random samples drawn from the population.
Population Distribution

Figure 6: Example of a test item from the Sampling Distributions Reasoning Test
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❏
❏
❏

I expect the second sampling distribution to have MORE VARIABILITY than the first.
I expect the second sampling distribution to have LESS VARIABILITY than the first.
I expect the second sampling distribution to look MORE like the POPULATION than the
first.

❏

I expect the second sampling distribution to look LESS like the POPULATION than the
first.

❏
❏

I expect the second distribution to look MORE like a NORMAL population than the first.
I expect the second distribution to look LESS like a NORMAL population than the first.
Figure 7: Reasons listed for selecting a second distribution

What do we hope to accomplish with this line of research? Information from the interviews will
hopefully provide insights into what students do and do not attend to as they use the software, whether or
not prompts are needed to direct students’ attention to various aspects of the program, the development of
students’ thinking as they interact with the program, and features of the program that could be enhanced,
improved, or added to make the characteristics of sampling distributions more evident. Students responses
to the items on the pretest should provide us with a better understanding of what students understand and
do not understand about sampling distributions prior to receiving more detailed instruction or experience
with sampling distributions. Posttest results will help us determine the effects of different types of
instruction on students’ understanding and to make comparisons among different approaches to teaching
students about sampling distributions. Just as attempts to define understanding tends to lead us in circles, I
expect that our investigations will produce a continuous cycle in which increases in our understanding of
how and what students learn about sampling distributions lead to further revisions of the software and
research methods, as well as to a better understanding of how to teach this complex and rich topic in
statistics.
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8. QUERCUS AND STEPS: THE EXPERIENCE OF TWO CAL
PROJECTS FROM SCOTTISH UNIVERSITIES
M. McCloskey
University of Strathclyd

INTRODUCTION
In response to the expansion of post-secondary education in the UK, the Teaching and Learning
Technologies Programme (TLTP) was launched by the Universities Funding Council in February, 1992.
The invitation to bid stated that “the aim of the programme is to make teaching and learning more
productive and efficient by harnessing modern technology.” To maximize the impact of the program on
higher education, the invitation also stated that preference would be given to bids from consortia of several
universities rather than from single institutions. In total, 160 submissions were made of which 43 projects
were funded at an estimated cost of £7.5 million per year.
Two of these projects were primarily concerned with the teaching of statistics in service courses.
Coincidentally, the lead sites for both projects were situated in Glasgow, Scotland. Glasgow University was
the lead site for the Statistical Education Through Problem Solving (STEPS) project. Other members of this
consortium include the universities of Lancaster, Leeds, Nottingham Trent, Reading, and Sheffield. The aim
of the STEPS project was to produce problem-based learning materials suitable for integration into courses
relating to biology, geography, business, and psychology (Bowman, 1994). The STEPS project received
£659,000 over a three-year period and has released 23 modules of Computer-Aided Learning (CAL)
material to date. [A module is defined as a piece of software dealing with a single educational topic, which
can be run independently of any other items of software in the same package.]
The University of Strathclyde was the lead site for a consortium including Edinburgh, Stirling, and
Heriott-Watt Universities. The aim of this project, which is known by its development title QUERCUS, was to
develop a complete set of interactive courseware to tutor bioscience students in the basic techniques of data
analysis and report writing (McCloskey & Robertson, 1994). Total funding for this project was £87, 000,
and 12 modules had been realized by the time the project ended in January, 1996.
The result of the expansion of higher education in the 1980s led not just to an increase in the number of
students but also a demand for demonstrably higher quality education. By 1992, all institutions involved in
these two projects were already using computer technology in the teaching of statistics service courses.
Students were taught to use statistical analysis packages and/or spreadsheets as part of their course work. As
a result of earlier government initiatives, such as ITTI, some computer-based tutorials (CBTs) had been
produced for statistics teaching by the Universities of Ulster and Dundee and had been widely distributed,
which raised awareness of the potential of CAL. At the same time, professional authoring tools such as
ToolBook and Authorware became available. These facilitate the development of high quality interactive
software by people with little previous programming experience. The combination of these factors meant
that when it was announced that large-scale funding was to be made available under TLTP there was already
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considerable confidence that CAL materials could be used as an effective means of improving the quality
of statistics learning while not increasing the teaching load on staff. The advantage of the funding provided
by TLTP was that it allowed for the recruitment of research assistants (such as myself) to work as full-time
software developers under the supervision of statistics lecturers already involved in the production of
teaching materials. This paper reviews the aims, design, and assessment of these projects. I also offer my
personal opinion on the future of the courseware we developed.
A COMPARISON OF STEPS AND QUERCUS
From the beginning of their respective projects, the different aims of the two consortia resulted in
diverging paths in the development of CAL for statistics. The STEPS project was committed to producing
resource material for integration into existing courses in a variety of subjects that have a statistics
component. Because it was envisioned that the students using the STEPS materials would also be pursuing a
basic course in statistics, it was decided that a problem solving approach, emphasizing the application of
statistics, would be appropriate. The courseware was designed so that progression through the material in
terms of speed and direction could be controlled by the user. By contrast, the aim of the QUERCUS project
was to create a complete course in basic statistics aimed solely at bioscience students. Although the
courseware could be integrated into a course with lectures, the theory component of each module was
designed to be sufficient for students working in a self-teaching or directed learning mode. The style and
content of the modules reflected a teaching-by-objectives approach. Typically, the students were expected
to learn techniques, understand theory, and acquire skills. To this end, the structure of the modules was
highly linear. To achieve the set objective, the student had to work though each section page by page,
completing each task.
The two projects developed different approaches to the question of how best to use data analysis
packages in teaching statistics. In a review of some of the earlier STEPS modules, MacGillivray (1995)
questioned whether the advantages of introducing such sophisticated software tools outweighed the
disadvantages to the students who then had the additional burden of having to learn how to use these
packages. Although some of the STEPS modules use commercial statistics packages (e.g., Minitab),
learning to use such software was not one of the aims of the project. In several modules, the XLISPStat
package is integrated into the courseware to allow the dynamic analysis of data. Figure 1 shows the screen
for one of the biology modules (“All Creatures Great and Small”). XLISPStat appears in a “child” (or
inner) window within the module. By dragging the dotted area in the Height window, the user selects a class
of observations for this variable, then the corresponding observations for Weight (top-left window) are
highlighted as are the Weight, Height coordinate pairs in the scatterplot. This activity allows the user to
interactively explore the relationship between two variables. The advantage of integrating XLISPStat into
the modules in this way is that the users do not need to know how the package works and therefore can
focus their attention on developing their understanding of statistical theory. From the outset of the project,
the authors of QUERCUS appreciated that for some students learning to use a statistics package was a
barrier rather than an aid to understanding. The authors chose to address this problem by making
proficiency in using Minitab one of the major learning objectives of the course. Modules 2a (“Minitab
Basics”) and 2b (“Working With Data”) deal exclusively with how to use Minitab. The other modules
include instructions for users on how to perform their data analysis in Minitab. This advice ranges from
simple hints in Help and hotword screens to complex animated diagrams. Figure 2 shows how QUERCUS is
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designed to be used. The module “Residuals and Transformations” is open at the bottom of the screen.
Minitab is open and the user has been prompted to load one of the datasets supplied with the package.
After having been shown how to transform data, the user’s ability to select an appropriate transformation is
tested. The students get feedback on their chosen transformation for the data in the Minitab Worksheet by
clicking on the appropriate button. Clicking on the text in red activates a Hypertext screen detailing
Minitab commands.

Figure 1: The conditional distribution of weight on height in a STEPS Module
In spite of the differences between the two projects in their approach to teaching statistics, it is interesting
to note certain convergent trends in the style of the software and the way it was designed to be used. At the
beginning, both projects intended to produce materials for Macs and PC; however, by the end of the
projects only one Mac module had been released by STEPS and only PC versions of QUERCUS are being
officially distributed. This is largely due to a lack of demand for Mac software in the higher education
sector in the UK. Both projects adopted a modular structure for the software, reflecting the origins of the
teaching material and the intention that both STEPS and QUERCUS were to be used under the direction of
a course tutor/lecturer. STEPS and QUERCUS both use Windows; they share a number of other common
features as well. Figure 3 displays typical pages from STEPS (“Skin Thickness”) and QUERCUS
(“Regression”) modules showing common design features, such as Navigation buttons that always appear
in the same place on screen, Help buttons, hypertext options (which appear in red), and graphics such as
photographs (STEPS screen) or interactive animations (QUERCUS screen).
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Figure 2: The QUERCUS module “Residuals and Transformations”
Both STEPS and QUERCUS are essentially text-based, but they are enriched with graphics such as
photographs, diagrams, and animations that, where appropriate or feasible, have dynamic or interactive
features. Thus, interactively testing students’ knowledge or understanding is a major feature of both
packages. Difficulties with analyzing text responses has meant that multiple choice questions tend to be the
most common type of interaction. Both projects relied on the expertise of experienced statistics teachers to
produce a context-sensitive Help feature in all modules. This means that on each page, or for each task, the

94

8. QUERCUS AND STEPS

authors have tried to anticipate what problems the students will face or what mistakes they are most likely to
make. By clicking on the Help button students can get advice on these specific problems or mistakes. Both
the STEPS and QUERCUS projects have also chosen to produce paper-based materials (handouts, books),
which suggests that both teachers and students are not yet convinced (comfortable?) about relying on
computer-based materials as the focus of teaching and learning.
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Figure 3: Typical pages from STEPS and QUERCUS
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DESIGN AND ASSESSMENT OF CAL MATERIALS
Both the STEPS and QUERCUS projects designed evaluation programs to provide formative assessment
of courseware throughout the development cycle. For both projects the design process began on paper.
Module contents tended to evolve out of existing course materials such as lecture notes. The materials,
however, were never planned to be a “textbook on a screen”; that is, student activity and interaction was
always a priority. The activity component of the courseware was based largely on experience of creating
“stat-lab” materials--lists of instructions, worked examples, and illustrations. The software developers
would then create “storyboards” of the material to indicate how best to exploit the visual and interactive
potential of CAL to present the material and facilitate learning.
The STEPS project had a process of formal review of these paper-prototypes within the site where the
material had originated, between sites within the consortium, and from an external evaluator, in order to
ensure that the material was both correct and appropriate. Once paper-prototypes had been approved,
prototype modules were developed by the software teams. These underwent a similar evaluation process by
consortium members and student reviewers. Because of the large number of modules being developed at
different sites (a process which is still continuing) and the fact that they were not meant to be used together,
it has not yet been possible to test the educational effectiveness of all the STEPS modules. However, several
of the STEPS modules have been reviewed by MacGillivray (1995), who concluded that as tools to aid
students’ understanding of the process of statistical problem solving they were likely to prove “invaluable
in enriching introductory statistics courses” (pp. 13-16).
A formal evaluation of the educational effectiveness of the QUERCUS courseware began in the
academic year 1993/1994 with the introduction of the first five modules into the introductory biostatistics
course at the University of Strathclyde. The success of such assessment exercises depends on the choice and
construction of appropriate evaluation instruments. These are as much a subject of research as the CAL
materials they are designed to test. However, some guidelines, based on the experience of other CAL
developers, had been published by another of the TLTP projects [the Teaching with Independent Learning
Technologies (TILT) project (Arnold et al., 1994; Draper et al., 1994)]. Based on their recommendations, a
program of class questionnaires, and small group testing and interviews was initiated. Based on test results
and student feedback, some aspects of the modules were redesigned, and two modules were completely
rewritten.
This evaluation process was repeated with the first eight modules in 1994/1995. Overall, we found that
the response to the software was positive, and students were confident that they had achieved the educational
objectives set for each module. In particular, the students reported high levels of satisfaction with the
graphics and the presentation of factual information. The major criticism was that many of the examples
and exercises, although appropriate to their level of understanding, were uninteresting. For a detailed report
of the methods and results of the assessment program, see McCloskey, Blythe, and Robertson (1996).
More productive and efficient teaching and learning?
Note that the QUERCUS evaluation exercise was limited to investigating the effectiveness of CAL as a
teaching and learning method. The failure to assess whether the stated aim of TLTP (i.e., “to make
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teaching and learning more productive and efficient…”) had been achieved was typical of many of the
projects funded under this initiative. Although CAL projects have been severely criticized for this failure, I
would argue that there appears to have been little thought about whether this was a realistic goal for projects
whose primary activity was to produce software. There is no culture of assessing teaching quality in
universities, only student performance is assessed. When we attempt to assess the impact of a new teaching
method, it is seemingly impossible to find clear definitions of “productive” and “efficient” in this
context. Not surprisingly, there were no guidelines for measuring productivity and efficiency and,
therefore, no absolute standards against which we could measure the success or failure of CAL.
I do not wish to duck the issue, but without evidence I can only offer a personal opinion based on my
experience of one CAL project. If by “teaching productivity” we mean an increase in the amount, variety,
and quality of teaching materials produced (compared to the material used before), then yes we certainly
achieved that goal. If by efficiency, however, we mean the amount of effort needed to help students achieve
the same learning outcomes, then writing CAL materials is incredibly inefficient. On the QUERCUS project,
there was one full-time software writer and two lecturers working part-time for three years who prepared
teaching materials for a single course, which was normally the responsibility of only one staff member.
Even for those teachers who “buy-in” course materials such as QUERCUS, there is overhead in terms of
the costs of the equipment and the staff to run the computer labs; this overhead needs to be taken into
account when measuring teaching efficiency.
I believe the greatest gains from CAL will be found in the effects on students. We need, however, to
carefully define what is to be measured. We chose to measure the effectiveness of QUERCUS compared to
the paper-based lab materials used previously. To do this, we kept the educational objectives, contact hours,
and student assessment methods the same and looked for qualitative improvements in the work submitted
by the students. Keeping the objectives and assessment strategy the same meant that we were unable to tell
whether using QUERCUS made student learning more productive (i.e., that they learn more). It would have
been possible to determine the efficiency with which the students learned the material (i.e., how much time
it takes to achieve the learning objectives) if we had asked the students to keep logs of study time devoted to
this course. However, we would have needed comparable data from a group of students not using
QUERCUS in order to make an assessment. This raises another important issue; that is, is it ethical to run
educational experiments on students whose grades may be affected by the quality of the teaching they
receive?
To return to my original point, are those who write educational software the best people to assess its
value? Again I can only speak for myself, and I question my own impartiality. In any case, it must be
emphasized that CAL materials are only educational tools: Their effectiveness and efficiency are largely
determined by the way and the context in which they are used. Software writers can only be responsible for
the quality of the content and performance of the software. I believe that it is the responsibility of course
managers, who decide to incorporate CAL materials in their courses, to have a clear view of what they hope
to achieve, of how the materials are to be delivered (i.e., adequate provision of hardware), and of the level of
support their students will need. The only way to make fair and meaningful assessment of a CAL package is
to assess it in situ.
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THE FUTURE - A PERSONAL VIEW
The STEPS and QUERCUS projects are now largely completed, and courseware is now available for
downloading from their respective World Wide Web sites:
•

STEPS: http://www.stats.gla.ac.uk/steps/release.html

•

QUERCUS: http://www.stams.strath.ac.uk/external/QUERCUS

No information is as yet available as to the distribution or use of the STEPS modules outside of the
consortium. However, more than 120 copies of QUERCUS version 3.0 have been downloaded since it was
released in January 1996, and we know that it was used in at least 10 universities in the UK and Australia in
1995/1996.
Requests for source code are routinely requested so that modules can be modified or customized. When
TLTP began in 1993, it was not envisaged that the end products whould be customizable by the end-user.
The process of writing courseware was regarded to be much the same as writing a textbook. Yet, when we
consider the way in which university teachers use textbooks, selecting certain passages and mixing them
with material from other sources, we should not be surprised that they would expect to exercise the same
level of control and, thus, demand a certain level of flexibility when using CAL materials. Although
allowing users access to the source code presents some problems regarding copyright, and may not be
possible for commercially written courseware, it does open the possibility of a wider distribution of
courseware than had originally been planned. For example, the QUERCUS courseware, which was designed
solely for bioscience students using Minitab, is now being modified in three UK institutions outside the
original QUERCUS consortium to create versions for use by bioscientists using STATISTICA, engineering
students, and developmental studies students. Versions of QUERCUS for veterinary science and business
studies are also under development at the University of Strathclyde. The cost of developing the original
QUERCUS software was high, but it is unlikely that without such a large initial investment such a project
could have been completed. By licensing out the source code in this way, we can allow other institutions,
who do not have access to such funding, to create their own versions of a tried and tested product, while
multiplying the output from the original project at no extra cost to the producers.
Based on the TLTP experience, it would appear that any new CAL project should have a high degree of
customizability as a fundamental characteristic of the courseware. Anecdotal evidence from other software
developers on projects that produced customizable courseware suggests that although their users had the
option to change the courseware, very few ever did.
In this paper, I have described how two projects that originated from very different ideas about how CAL
could best be used to teach statistics produced materials with striking similarities in terms of both software
features and teaching style. I would argue that this is due to both projects originating from pre-existing
teaching practices. It is my opinion that rather than introducing anything radically different, both of these
projects represent a refinement of best practice in the teaching of statistics to large groups of non-specialist,
statistics students. For those involved in the writing of CAL materials, a benefit has been the opportunity to
intensively study the teaching and learning process. From my own experience in the QUERCUS project, I
believe students have benefitted from this approach to developing CAL, by producing effective teaching
materials and study aids. My experience, however, leads me to question whether if, in the future, CAL
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development is left to teaching staff we can expect to see significant innovation in teaching and learning
practices. Note that neither project set out to produce self-teaching materials (i.e., to replace teaching staff
or the traditional, structured course). Even the QUERCUS modules, which we hoped would eventually
replace a significant part of the lecture component of our biostatistics course, could only do so if these were
replaced by small group tutorials led by a member of the teaching staff. No material was designed to
facilitate students working in study groups, although there is evidence to suggest that in mathematics, CAL
support materials can be very effective in aiding group learning (Doughty et al., 1995). Neither project
used the multimedia capabilities of the authoring software. Was this because there is no role for this
technology in the teaching of statistics or because traditional university teaching of statistics does not utilize
video or sound?
A major stumbling block to production of multimedia teaching materials will be the cost. The cost
should not be underestimated. As well as the cost of releasing staff for months or even years from other
teaching and research duties, there is also the cost of supporting staff, such as administrators, programmers,
and technicians. The project may require the services of a professional graphic designer and/or a humancomputer interface consultant. There will be the costs of computers, specialist multimedia software, and
sound and video production and editing equipment. Finally, it is likely that one will have to pay copyright
fees for music and videoclips from commercial suppliers. In universities and colleges where financial
support for producing new teaching materials is scarce, one option is to look for support from a
commercial software publisher. Although they are unlikely to pay the development costs, they will often
undertake market research to see if these costs are recoverable in the long run. The publisher may also pay
any copyright fees you incur and may pay for publicizing and distributing the final product. They may
even offer an advance. The disadvantage of commercial partnerships is that only projects that are
potentially profit-making will be supported. The advantage is that it may “elevate” CAL development to
the level of writing a textbook and will therefore be seen as a “bankable” academic activity.
The Teaching and Learning Technologies Programme (TLTP) was a timely and productive exercise in
allowing those involved in teaching in higher education to expand their expertise into the area of computerassisted learning. The STEPS and QUERCUS projects have successfully demonstrated different ways in
which this technology can be used to enhance current teaching practices. Now that these projects have been
successfully completed, this may be an opportune time to consider whether CAL has the potential to
support new methods or models in the teaching and learning of statistics.
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9. OVERVIEW OF CONSTATS
AND THE CONSTATS ASSESSMENT
Steve Cohen and Richard A. Chechile
Tufts University

INTRODUCTION
ConStatS has been in development at the Tufts University Curricular Software Studio for the past nine
years. From the beginning, the goal of the project was to develop software that offered students a chance to
actively experiment with concepts taught in introductory statistics courses. It is a joint product of faculty
from engineering, psychology, sociology, biology, economics, and philosophy. During the past nine years,
there have been periods alternatively devoted to development, assessment, and classroom use.
ConStatS consists of 12 Microsoft Windows-based programs, grouped into five distinct parts as described
below.
1. Representing Data: Different ways in which aggregates of data are represented in statistics, both graphically and
numerically
Displaying Data − univariate data given in tables displayed in histograms, cumulative frequency displays,
observed sequence graphs, and bar charts, as an initial step in data analysis.
Descriptive Statistics − univariate summary statistics describing the center (e.g., the mean and median), the
spread (e.g., the variance, standard deviation, and interquartile range), and the shape of data.
Transforming Data − linear transformations, especially Z scores, and their effects on the center, spread, and
shape of distributions of univariate data; also, frequently used nonlinear transformations for changing the
shapes of distributions.
Describing Bivariate Data − scatterplots and summary statistics for bivariate data, with emphasis on the use of
the least squares line, residuals from it, and the correlation coefficient in analyzing data to find relationships
between variables.
2. Probability: Basic concepts in probability that are presupposed in advanced topics in statistics, such as sampling and
inference
Probability Measurement − numerical probabilities as ratios, and consistency constraints on them, illustrated
by having students assign numerical probabilities to alternatives in everyday situations.
Probability Distributions − the key properties of 14 probability distributions used in statistics, including the
binomial and the normal, brought out by interactive comparisons between graphical displays of their
probability density functions, their cumulative distribution functions, and pie charts.
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3. Sampling: Gains and risks in using samples to reach conclusions about populations
Sampling Distributions − the variability and distribution of the values of different sample statistics for
samples of different sizes drawn from populations having different (postulated) underlying probability
distributions.
Sampling Errors − the risks of being misled when using sample statistics, obtained for samples of different
sizes, as values for the corresponding population statistics.
A Sampling Problem − a game in which a simulated coin can be tossed repeatedly before deciding whether it
is fair, or it is 55% or 60% biased in favor of heads, or 55% or 60% biased in favor of tails.
4. Inference: The basic frameworks of reasoning in which statistical evidence is used to reach a conclusion or to assess a
claim
Beginning Confidence Intervals − repeated sampling used to show the relationship between the width of an
interval, employed as an estimator for the population mean, and the proportion of the times it will cover
this mean.
Beginning Hypothesis Testing − a step-by-step tracing of the reasoning involved in the statistical testing of
claims about the mean of a single population or about the difference between the means of two populations.
5. Experiments: Experiments in which the user of ConStatS is the subject, for purposes of generating original data for
use in the Representing Data programs
An Experiment in Mental Imagery − the classic Shepard-Metzler experiment in cognitive psychology
involving the rotation of images, yielding as data the time taken for the subject to react versus the number
of degrees through which the image is rotated.

PROGRAM DESIGN AND DESCRIPTION
Early versions of the software used a standard “point and click” graphical user interface (Cohen, Smith,
Chechile, & Cook, 1994). Pull down menus were used to access datasets, exercises, experiments, and
programs on different topics. Early classroom trials did not produce the kind of use and learning expected.
Most students, left to their own devices, became lost when they had to make all the decisions. Focusing on a
question and translating the question into choices offered by the program was a daunting task to most
students. What seemed like elementary decisions to faculty who were designing the software (i.e., selecting a
dataset and a variable to work with) proved difficult and intimidating to many students. Selecting,
designing, and executing experiments proved even more difficult. These early trials demonstrated that most
students were not comfortable designing their own learning pathways.
The current version of ConStatS uses a combination of devices to solve this problem (Cohen et al.,
1994a). First, each program in the package is divided into a large number of "screens," no one of which
confronts the student with more than a small number of closely related decisions. Figure 1 shows a typical
ConStatS screen (sitting under the main menu from which programs are selected.)
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Figure 1: A typical ConStatS screen
The choices the student makes on each screen lead to different screens and pathways through the
program, pathways that often loop into one another. Some screens help students prepare experiments (i.e.,
selecting a pathway or setting a parameter) and others are for performing experiments. Figure 2 shows a
second screen from a pathway in the Displaying Data program.

Figure 2: An experiment to examine the influence of outliers
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It is an experiment screen designed to let students examine the influence of an outlier by eliminating it and
seeing the resulting distribution.
The pathways provide an unobtrusive structure that helps guide the student along in an orderly fashion.
More guidance is provided at some places by making the decision between a default value offered by the
program (i.e., default population statistics) and a value of the student's own choosing (i.e., a user-defined
population statistic). Each screen has a one or two sentence "scaffolding," which introduces the choices that
have to be made. The student can always back up along a pathway to review or reconsider earlier choices.
Although the structure offers guidance and support for choosing among options, it does not interfere
with students roles as active, experimental learners. The only questions that ever appear on the screen are
ones that have to be answered to determine a desired result or to initiate a new direction. No "study
questions" ever appear, nor do any other didactic elements that would tend to induce students to fall into a
passive style of learning. The students are always in control, not just in the sense that they choose what to do
next, but in the sense that nothing ever happens on the screen except through choices they make. Each
screen presents them with a handful of choices, posed as questions. These choices are the ones that have to
be made to determine what result that will appear next (e.g., the choice of data-range and the number and
type of intervals in order to draw a histogram).
Finally, and most importantly, a WHY and HELP button are available on every screen, allowing access to
information that will help confused students. Hitting the WHY button when facing a choice produces a
reason why the choice is an appropriate one to be facing. This usually takes the form of a one sentence
statement of a typical consideration that someone might focus on when making the choice. For example,
hitting WHY when hesitatng over the quesion, "Do you want to change the number of intervals?" produces
"Maybe the histogram will take on a very different apearance with a different number of intervals"--just the
sort of thought that a good teacher might whisper in the ear of a student who is hesitating in the middle of
an experiment. Hitting the HELP button produces a paragraph or two discussing the choice. This is the
only place in the software where book-like elements intrude. However, even here the student is actively
eliciting the information, looking for specific things that will help the student take the next step, in much
the way that superior students take a quick look at one or two pages of a book when working something out
in a thought experiment.
In the spirit of anchored instruction (The Cognition and Technology Group at Vanderbilt, 1990),
pathways typically require students to perform a series of experiments on the same data [e.g., data on the
variable High School (HS) Graduation Rates]. Early in the Displaying Data program, students select a single
variable from a dataset. The pathway allows students to examine this data in experiments on using and
reading histograms, cumulative frequencies, displaying subsets of data, comparing histograms and
cumulative distributions, and in other experiments on univariate display. From this, we hoped that concepts
would be anchored in a specific variable (i.e., an example). Similarly, when working with probability
distributions, students use the same distribution (be it normal, binomial, etc.) to examine parameters,
probability density, cumulative density, and so forth. At any point, students can return to the beginning of
the pathway, select a different variable (or probability distribution), and move through the pathways to
repeat the experiments.
Once students have worked through specific experiments and become familiar with concepts, they can
turn to a facility for using the statistics and conducting data analysis. Figure 3 shows this facility from the
Describing Bivariate Data program. There are no experiments, questions, or WHY and HELP buttons.
Instead, students make choices from a menu as they might if they were using a data analysis package
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designed for graphical user interfaces. The options available not only include topics covered in the current
program, in this case bivariate regression, but also topics covered in other ConStatS programs. For instance,
Transformations is included as one option among many in this screen.

Figure 3: Using concepts examined in the Describing Bivariate Data Program
Finally, to make ConStatS useful for statistics courses taught in a variety of departments, carefully
chosen datasets from several different disciplines, including psychology, sociology, economics, biology,
and engineering, as well as data of general interest, were included. New datasets can readily be added by
students and teachers. The emphasis of the overall package is on gaining conceptual understanding of
statistics. But precisely because statistics is primarily a discipline of application, students gain such
understanding best when dealing with real data that they find interesting.
ASSESSING CONSTATS
In 1991, with funding from FIPSE (Fund for the Improvement for Postsecondary Education), we began
a three-year assessment of ConStatS. By that time, ConStatS had become integrated into the Tufts
curriculum in several departments, including psychology, economics, and engineering. However, ConStatS,
at that time, consisted of only the first 9 of the 12 programs described above.
The principal goal of the assessment was to examine learning outcomes. Several important research
design decisions were made in the following areas:
Multidiscipline and multisite: We were interested in investigating whether the software was effective in a
range of statistics courses, taught in a variety of departments. In addition, positive effects might be
attributable to the software being used at the institution at which it was developed. To determine
transferability, several outside sites were also included, with classes taught by professors uninvolved with the
development of ConStatS. These classes were taught in psychology, biology, and education departments. At
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least one of the outside schools was comparable to Tufts in student profile. Finally, four different classes, all
at Tufts, participated as control groups. We did not try to explicitly recreate the experiments and exercises
in ConStatS in the control classes (Clark, 1994). However, to help make sure the content of the control
classes was similar to the content of the software, two of the control classes were taught by a member of the
team that designed ConStatS.
Assumed basic skills: ConStatS was designed to teach conceptual understanding. Still, certain basic
mathematical skills were assumed during the development of the software. A 10-item pretest was
administered to all students, control and experimental, who participated in the assessment. The pretest
included items on fractions, ratios, ordering integers, very basic algebra, and distinguishing variables from
constants.
Isolating the concepts: The nine ConStatS programs used in the assessment covered hundreds of
concepts. Most of the concepts, like that of an outlier (Figure 2), are covered in specific experiments in
appropriate programs. However, many, if not most, concepts appear in more than one place in the software.
Because the goal of assessment was to learn how effective each part of the software was in helping students
acquire concepts, we needed to identify where in the nine programs each concept was encountered.
Consider the screen in Figure 4 from the Transformations program. The screen shows a step-by-step
animation in progress: the data in the histogram in the lower left is undergoing a Z-score transformation
and is replotted in the lower right. The process is illustrated for each data point, until the student presses the
END STEP button.

Figure 4: Illustrating a Z-score transformation using step-by-step animation
This screen is intended to teach students about Z scores. However, it also uses histograms in an instructive
way--the animation turns boxes into numbers and replots them into intervals. Students who only partially
understood histograms might benefit from this illustration in unintended ways. In addition, the means and
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standard deviation, which are more central to Z scores than histograms, are displayed graphically in the
histogram on the lower left. Finally, this is more than just an experiment; that is, the program is illustrating a
process.
Figure 5 shows the next screen with the two histograms side by side after the transformation is complete.
Data points highlighted in the left histogram appear in the same location (relative to other data points) in
the histogram to the right. The hope is that students studying and interacting with the histograms will see
that the Z-score transformation has not changed the shape of the distribution. However, it too may help
students to learn about histograms.

Figure 5: Experimenting after the Z-score illustration
Finally, a transformations facility (with Z scores and linear and nonlinear transformations) exists as an
option in the main pathway of the Describing Bivariate Data program, as well as in the “data analysis”
facility shown in Figure 3. In both these pathways, students are using transformations in data analysis more
than performing experiments with the goal of learning. Students who follow-up the exercises in Figures 4
and 5 by using transformations in a bivariate analysis might show improved comprehension of Z scores and
other transformations.
For the development team, isolating concepts meant going through each part of each program and
recording each of the comprehension points that the screens might help students learn. There were over
1,000 total comprehension points spread out over the programs, with many redundancies or near
redundancies. To make the assessment manageable, we combined redundant and near redundant points into
clusters. There were 103 clusters, each tied to specific parts of specific programs. For each cluster, we
designed a question to test conceptual understanding.
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Questions
For each cluster, we constructed a question that tested conceptual understanding (Cohen, Chechile,
Smith, Tsai, & Burns, 1994). All 103 questions were subject to the following criteria: (1) the statistical
concept was included in the software, (2) the question was appropriate for an introductory course in
statistics, and (3) the question assessed conceptual understanding. Most questions required either near
transfer (very similar to the computer exercise) or far transfer (clearly different from the exercise) of
conceptual knowledge (Campione & Brown, 1990). The questions were reviewed against these criteria first
by internal members of the evaluation team, and then by two outside statistical consultants and professors of
quantitative methods. The 103 questions were divided into three tests that covered similar but not identical
content. Each test had approximately six questions on the following topics: displaying data, descriptive
statistics, transformations, bivariate representation and regression, probability distributions, and sampling.
Figure 6 shows one of the questions used to test understanding of Z scores.

A university testing center had an established policy of converting raw test scores into standard scores
where the mean = 500 and the standard deviation = 100. The computing center of the university recently
suggested that the testing center change the standard score system to one with a mean = 1 and standard
deviation = 2. What would a score of 420 in the old system be in the new system?

Figure 6: A sample question
Tracing use
To assess individual student use, we added a trace facility in ConStatS (Cohen, Tsai, & Chechile, 1995).
The facility permitted us to carryout the assessment without standardizing use and time spent with the
programs. In addition to capturing the total time on each program (and screen), the trace facility recorded
each keystroke in terms of its purpose. For instance, each time a student clicked on a WHY or HELP button,
the interaction was recorded as Information Retrieval. When students changed the number of intervals in a
histogram, it was recorded as Experiment. Experiments were recorded along with relevant parameters (i.e.,
the number of intervals entered by the student). Finally, Z-score transformations, such as the the one
illustrated in Figure 4, were recorded as Animation. Every keystroke was assigned to a category. The set of
categories is described in Cohen et al. (1995).
Summary of participants
As described in Cohen, Smith, Chechile, Burns, and Tsai (1996), 20 different introductory statistics and
research methods courses, with 739 students, participated in the assessment over two years. Most of the
students were undergraduates. About 62% of the students were women. The courses were taught in seven
separate disciplines: psychology, economics, child study, biology, sociology, engineering, and education.
Sixteen of the classes (621 students) were taught at the authors' home institution, and four courses (118
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students) were at outside colleges and universities. For students using the software, test scores counted for at
least 5% of their overall grade in the course. Many instructors added written assignments based on the
software that also counted toward the grade. Four classes (77 students) from our home institution
participated as control subjects. Each control subject received $50 to participate.
Results of the assessment
Many students showed problems with the basic mathematics skills assumed by the software. In particular,
students had problems with two questions: converting .375 to a fraction (missed by 19% of the students),
and specifying a ratio between 5:2 and 20:6 (missed by 34%).
Table 1 shows the percent correct on the comprehension test by the number correct on the basic skills
test, where 10 is all correct. All students using ConStatS outperformed those in the control classes, and those
with basic math skills showed the largest gain. The results showed a similar trend for students at Tufts and
for students at the outside institutions.
Table 1: Percent correct on the comprehension test by number correct on the basic skills test

Number correct on the basic skills test

Control
Experimental

8 or less
37
46

9
41
51

10
44
57

Currently, we have not comprehensively interpreted learning outcomes in terms of the trace data. A very
preliminary analysis of the trace data showed two questions where specific experimental behavior correlated
with higher scores on comprehension test questions (Cohen et al., 1995). For instance, students using
ConStatS can experiment with discrete probability distributions by specifying a range of values on the
horizontal axis and then learning the probability of observing a value in that range. To assess the
effectiveness of this exercise, one question assessed students ability to interpret a discrete probability
distribution. Those students who performed experiments with discrete distributions that yielded consecutive
non-zero, zero, non-zero probabilities scored much higher on the question than those who did not perform
this set of experiments.
Two other interesting outcomes are worth noting, both regarding how the software was integrated into
various curriculums:
•
•

One class integrated the software by dropping one class per week and adding a computer lab. They performed as
well or better than most classes in the experimental group.
Nearly every class included some kind of hand-in assignment. Most assignments included specific exercises,
questions, and required essays on experiments.

In addition to quantitative analyses of the learning outcomes, a qualitative analysis of student answers
yielded 10 patterns of errors on 24 of the questions on the comprehension tests (several patterns appeared
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on more than one question) (Cohen et al., 1996). Many of the questions involved interpretation of graphs,
particularly histograms, scatterplots, and both cumulative and density plots of probability distributions. For
instance, many students providing incorrect (or partially incorrect) answers on questions designed to assess
comprehension of histograms seemed confused about the meaning of the vertical axis. They sometimes
offered an interpretation more consistent with the vertical axis on a scatterplot (i.e., as representing the
values of a typical dependent variable rather than the number of data points falling in a class interval).
Similarly, many students offered interpretations of probability distributions that indicated confusion about
the difference between probability and data. For instance, some students, when interpreting a normal
probability distribution describing the weight of newborn cats, claimed the distribution “did not account
for outliers.” Of course, the normal probability distribution extends to infinity and “does account for
outliers.” The students’ incorrect answers seem more consistent with an interpretation of a finite
distribution of data with distinct low and high observed values.
Thus, while students in all classes using ConStatS showed improvement over those students in the control
classes, remedial problems with basic mathematics and confusing properties of displays limited
improvement. Even those students with adequate basic mathematical skills still scored only an average of
57% on the test of conceptual understanding. The move to working with data and experimental learning
with instructional software can benefit statistics education, but the transition needs to be undertaken with
caution. As technology becomes a more central part of teaching the conceptual side of statistics, issues
about the use of graphs and optimal experiments will need to be addressed. Having students work with
displays rather than symbolic notations offers both advantages and new problems. The problems are best
discovered by detailed assessments.
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10. TOWARD A THEORY AND PRACTICE OF USING
INTERACTIVE GRAPHICS IN STATISTICS EDUCATION
John T. Behrens
Arizona State University

INTRODUCTION
Graphs are good (Loftus, 1993)
Graphic approaches to data analysis have been gaining ground since the work of Feinberg (1979),
Tukey (1977), Wainer (1992; Wainer & Thissen 1981) and others. This has been spurred on in part by
great advances in computing machinery. Although a number of aspects of graphics lend themselves to
statistical instruction, some of the value of graphics can be demonstrated using data presented by
Anscombe (1973). Anscombe presented bivariate data in which the x variable had a mean of 9 and a
standard deviation (SD) of 3.3, and the y variable had a mean of 7.5 and a SD of 2.0. For this data, the
slope was 3 and the r was .82.
Picture how data looks in such a form and how you would draw the dataset if you were explaining a
correlation of this size to your students. One of the most likely forms to imagine is shown in Figure 1,
which is a plot presented by Anscombe.
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Figure 1: One set of Anscombe (1973) data
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Although this is one possible scenario, Anscombe (1973) presented three other datasets that have exactly
the same values for the mean, SD, slope, and correlation (see Figure 2).
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Figure 2: Other possible configurations of data with summary statistics
These plots illustrate the idea that graphics are helpful in data analysis because they allow the perception
of numerous pieces of information simultaneously, and disambiguate the algebraic description.
Anscombe’s (1973) graphics force us to rethink our assumptions about regression and how data occur in
the world. For this same reason, graphics are valuable aids in teachings statistics.
From Anscombe’s (1973) simple demonstration, we are reminded of a number of important aspects of
data analysis that are easily forgotten:
•

Always plot the data.

•

Each algebraic summary can correspond to numerous patterns in the data.

•

Graphics allow us to see many aspects of the data simultaneously (Kosslyn, 1985).

•

Graphics allow us to see what we did not expect (Tukey, 1977).

•

Graphics (sometimes) help us to solve problems by organizing the information (Larkin &

Simon, 1987).

Each of these reasons make graphics an important part of data analysis. Accordingly, it is important to
teach our students to think graphically and for instructors to take advantage of the power of graphics in
instruction. Teaching graphics is of value because graphics are a parsimonious and effective way to store
and organize information (Kosslyn, 1985; Larkin & Simon, 1987 ) and because it provides good exposure
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to current data analytic methods (Behrens, 1997; Behrens & Smith, 1996; Cleveland, 1993; Velleman &
Hoaglin, 1992; Wainer, 1992). The importance of graphics can also be argued from a philosophy of
science approach, which advocates the exploratory data analysis (Tukey, 1977) approach; however, this
view is not necessary in order to accept the other arguments presented above.
TWO GOALS AND TWO METHODS
This discussion leads to two goals: to teach students how to use and interpret graphics, and to use
graphics to bring specificity to the abstract language of statistics. To reach these goals we use two methods.
First, we expose students to numerous examples of real data and real graphs. This has led to the
development of Dr. B’s Data Gallery [http://research.ed.asu.edu/siip], which is composed of a collection of
one-, two-, and three-dimensional graphic displays Most statistics classes expose students to very few
examples of histograms or scatterplots from real data (usually r = -1, -.3, 0, .3, and +1 and the normality
and homogeneity are also unrealistic). The Data Gallery provides a place where students can explore the
variety of graphical patterns that exists in the real world and where instructors can find examples to use in
their classes.
A second method of teaching with graphics is using interactive dynamic graphics. These graphics are
dynamic because they are represented on the computer screen and change over time, unlike a simple plot
on a piece of paper. They are interactive because they change in response to the actions of the user. For the
remainder of the paper they will be called interactive graphics. The interactive graphics assembled are
collectively called the Graphical Environment for Exploring Statistical Concepts (GEESC). Although the
name is not the most elegant, it clearly expresses the goal, which is to provide students with tools to assist
their own learning. GEESC also provides instructors with examples to use in their own expository materials.
This work began in 1991 (see Lackey, Vice, & Behrens, 1992) and has been developed more slowly than
originally anticipated. One of the most costly aspects has been the time required to evaluate the
effectiveness of the graphics and to determine what conditions make them most useful. It was naively
believed that the errors students make and students’ thinking processes were well understood. Time and
time again it has been shown the misconceptions supposed by the instructors and graduate students are only
a small part of the set of all misconceptions held by students.
Interactive graphics have been available for more than two decades (e.g., Cleveland & McGill, 1988),
although it is only in the last few years that they have been widely available and inexpensive enough for
general users. One impetus for the increased availability of interactive graphics was the creation of the
LISP-STAT programming language (Tierney, 1990). This system allows the (relatively) easy creation of
interactive graphical objects; however, it requires that programmers understand the object organization of
LISP-STAT. We have found the LISP-STAT environment especially conducive to rapid prototyping for
research purposes. However, as an interpreted language it lacks some advantages of more portable
languages such as JAVA, which we are using for the implementation of tools prototyped in LISP-STAT.
FRAMEWORKS FOR UNDERSTANDING THE PSYCHOLOGICAL
PROBLEMS ADDRESSED BY INTERACTIVE GRAPHICS
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The information processing advantages that make graphics so useful for data analysis also make them
useful for instruction. In this respect, two cognitive theories of learning and understanding have motivated
many of the design considerations in developing GEESC.
The first framework is the theory of mental models put forward by Johnson-Laird and his associates
(e.g., Bauer & Johnson-Laird, 1993; Johnson-Laird, 1983; Johnson-Laird, Byrne, & Schaeken, 1992). This
theory of mental models argues that individuals construct models comprised of states of affairs that are
consistent with the information given to the individual, and that people use these models to make inferences
and decisions. These models may be graphical, or may consist of a number of propositions that are
experienced as ideas. Johnson-Laird argued that this process of extrapolating consistent states of affairs is
ubiquitous in cognition and that mental models are used to fill in the gaps of the information we receive.
These fillers serve as stepping-stones for filling in subsequent gaps. This theory accounts for the common
instructional experience in which an instructor provides the formula for the SD, has students explain it,
questions them, and all students nod politely to show that they understand the material. The students then
go home with numerous erroneous beliefs that they logically derived from the ambiguous statements that
the instructor thought were completely unambiguous. In this case, each student had constructed a mental
model that was coherent given their interpretations of the lecture, but not necessarily what the instructor
wanted them to have learned.
Discussing a series of experiments on the use of diagrams to aid reasoning, Bauer and Johnson-Laird
(1993) argued that diagrams reduced load on working memory by making key relationships explicit. They
concluded that “as a result, reasoners are much less likely to overlook possible configurations, and so they
tend to draw more accurate conclusions” (pp. 377-378). Their interpretation of years of experimental data
closely matches my clinical experience in the classroom and laboratory. In sum, we value graphics,
especially dynamic graphics, because when they are properly constructed, they help make aspects of the
data explicit so the students can compare their mental models with the detail of the graphics.
A second theory of learning that has influenced this work is the idea of impasse-driven learning
articulated by VanLehn (1990). This theory stresses that individuals build representations of the world (like
mental models) that have untested assumptions and bugs. In this view, learning is most effective when an
individual’s representation cannot solve the problem they are addressing. This situation is an impasse that
requires the learner to stop and rethink their beliefs. This theory is well aligned with instructional
experience. It seems that the greatest learning sometimes comes from people realizing that they “had it all
wrong” and that they needed to work hard at rethinking their underlying assumptions. These two theories
account for much of what is seen in less than optimal statistics education. Students learn the definitions
(e.g., the mean is the arithmetic average) and rules (e.g., use the median if the data is skewed) and maybe
even how to recognize a few patterns. However, when they face the complexity of the real world they find
they did not really understand what we meant in the first place (e.g., “I think it is skewed, but not as much
as it was in class -- what do I do?”).
As noted above, this problem can be addressed in part by providing students many examples of patterns
that occur in real data. Of course, this should be balanced with an emphasiss on problem solving and
working with real life problems. In addition, the use of properly constructed interactive graphics can create
impasses and challenge student’s mental models, which will lead them to greater understanding.
INTERACTIVE GRAPHICS: THREE EXAMPLES FROM GEESC
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Three examples of interactive graphics for exploring statistical concepts from GEESC are presented.
Each example grew out of a desire to let students explore the structure of statistical concepts.
Example 1: Changing histograms
The histogram appears to be a simple device that needs little or no introduction. Nevertheless, I
sometimes encounter students with excellent skills at hand-computation of analysis of variance procedures
who improperly interpreting histograms. Even in my own classes, I encounter students who can recognize
patterns of positive and negative skew, yet are unable to translate such patterns into substantive conclusions
concerning the phenomena under investigation.
To address this problem, a graphic representation was designed in which the user can interactively add
data and respond to questions that require a deep structure interpretation of histograms and related
concepts. The goal was to create tasks that could only be accomplished with a rich understanding and for
which incomplete or erroneous interpretations would lead to failure.
The graphic that resulted from this effort was an interactive histogram (see Figure 3). Students can add
data to a bin in the histogram by moving the cursor over the bin and clicking the mouse button. The
location of the cursor specifies the value to be added. Clicking the mouse button adds the data. Recently
added points are highlighted.

Figure 3: Interactive histogram
In this simulation, students add five points of data and then are asked (by a dialog box) to estimate the
mean and SD (see Figures 4). The goal is not to focus specifically on estimation skills, but rather to help the
students see the relationship between the shape of the data and the mean and SD. This is demonstrated in
class where students are given goals such as “make the SD bigger,” “make the mean higher,” and other
variations of these tasks. This simulation is not simply about histograms; it also concerns the mean and SD.
For example, the mean is less influenced by outliers as sample size increases. This is something most
students do not recognize until they see the mean “behaving” differently as they work through the
histogram session.
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Figure 4: Dialog box prompting estimation.
After students have entered their estimations, they are given feedback concerning the accuracy of their
estimations (see Figure 5). Estimation is encouraged because it forces them to consider the relationship
between the pattern of the data and the algebraic summary statistics, and forces them to make their beliefs
explicit. The tasks given to the students working with the interactive graphics largely determine the success
of the experience. If students are simply given the simulation without specific tasks, they may undertake
simple tasks that fail to produce impasses or may even appear to confirm their misconceptions. The
technology of the graphic is nearly useless outside of well-structured instructional tasks.

Figure 5: Dialog box giving feedback on estimations
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Example 2: Sampling distribution of slopes
Although the sampling distribution of the mean and other common summary statistics (e.g., median,
proportion) are sometimes simulated to illustrate the law of large numbers or the central limit theorem,
these basic concepts are often lost for students when they try to generalize this thinking to bivariate
sampling. To illustrate the sampling distribution of slopes, a simulation with three windows is presented.
The first window shows the population of data with ρ = 0. Because the notion of a theoretically infinite
population can be confusing, and because this version of sampling is based on the physical analogy of
“drawing out” or “picking up,” it is helpful to show the data of the population from which the samples
will be drawn. A second window is used to briefly display the bivariate data from each sample as they are
drawn from the population. A third window consists of a histogram of the size of slopes from the random
samples. Pictures of the windows before and after beginning the simulation are presented in Figure 6.
For most of our students this is the only time they will see a true random sample of bivariate data. Most
students are surprised at how different the sample data looks from the population. It is this graphic
explicitness that forces the students to rethink their assumption that the sample would look like the
population. For each random sample, a regression line is fit on the sample data and a copy of the regression
line is put on top of the population graphic. After the data for a sample is plotted, a new regression line is
drawn over the data. The current sample regression line is also plotted on the population window. This
window, however, accumulates the regression lines so their overall variability can be assessed. The histogram
of slopes is also updated with each sample.
The histogram is an essential aspect of this simulation because it forms a sampling distributions of
slopes. It also allows a direct visual comparison between the set of all slopes (upper left) and the individual
slopes of the histogram. In the absence of such graphics, students must remember possibly meaningless
rules about the type of distributions that match some statistics. This simulation is completed in class using
several different sample-sizes. Students discuss their expectations and predict the differences that will occur.
What counts as a rare slope and the issues of Type I and Type II error are easy to illustrate with concrete
examples from this simulation.
Example 3: The many sides of statistical power
If students are not completely befuddled after hearing the typical instruction regarding sampling
distributions, they still have the opportunity to gain confusion while learning about statistical power. Yu and
Behrens (1995) developed a graphical power simulation that is part of the GEESC collection. Close study
of students using this simulation led to the identification of a number of debilitating misconceptions and
revision of the simulation to force impasses at these misconceptions.
Difficulties appear to arise from two characteristics of the system. First, the system is multidimensional.
Effect size, power, alpha, and sample size combine to make a four-variable function that is not easily
comprehended. Second, many students have incomplete or erroneous conceptualizations of sampling
distributions and of the hypothesis testing model of accept-reject rules. Statistical and historical reasons for
some of these misconceptions are discussed by Behrens and Smith (1996).

117

J. BEHRENS

Figure 6: Slope sampling simulation, when ready to start and after a number of iterations
To address these difficulties, the power simulation consists of a graphic display of two sampling
distributions with effect size and sample size controlled by slider bars. Alpha level and the shading of
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various reject-accept regions are controlled by buttons on the display (see Figure 7). The power of the test
is displayed and updated as the user interacts with the system. Increasing the effect size increases the
separation between the distributions; increasing the sample size decreases the variance of the sampling
distributions. These changes occur in a mathematically accurate manner with a minor short-cut (using
central distributions).

Figure 7: Power analysis simulator
There are many aspects about this graphic display that conflict with students’ expectations. Yu and
Behrens (1995) reported that students were subtracting the shaded area of the critical region of the null
distribution from their estimate of the size of the alternative distribution when the distributions overlapped.
Students confused the overlap with intersection because they failed to recognize that the two distributions
were distinct and the coloring was only heuristic. The critical region is only outlined (not shaded) in the
current version of the graphic so that power and beta are left undisturbed by graphic overlap with the null
distribution. Yu and Behrens also found that students frequently overlooked the theoretical status of the
distributions and asked why the null distribution never moved. In each of these cases, we achieved the
desired goal of having students find their erroneous beliefs and address them. Tasks for this simulation
include obtaining specific levels of power with fixed effect sizes or sample sizes and examining the effect
sample size has when effect size is fixed. Experience has shown that, without clear tasks, students simply
move the sliders without carefully weighing the effect of each variable. Under such conditions the
multivariate nature of the system cannot be determined.
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SUMMARY: THE POWER OF GRAPHICS
Statistical graphics are a powerful tool for illustrating concepts at varying levels of abstractness. This
paper has described how interactive graphics have been used to help students become aware of their
misconceptions and confront them by predicting and checking their predictions. These simulations are not
a complete answer to improving statistical education, but they are quite valuable for dealing with abstract
concepts, especially when students have poor mathematical training.
Experience with these graphics over a number of years suggests they are most effective when their
component parts are well understood and when they are used with well-specified tasks that lead to mentalmodel checking and impasse creation. Coupling the student with technology alone is generally insufficient
to reach the desired effect.
When demonstrated by the instructor and used in class by individual students, the student evaluations
have been uniformly positive. In fact, the only negative comment that has come from consistently using
these simulations over a three-year period is that not enough simulations were used in class and that the
students want more. Each semester a number of students comment that the simulations are “the best part of
the class.” Additional in-depth user analysis of the type reported by Yu and Behrens (1995) is planned, as
well as an expanded evaluation with comparison group studies. The GEESC materials are currently being
updated and revised to serve as part of the Computing Studio in the Statistical Instruction Internet Palette at
http://research.ed.asu.edu/siip.
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11. DISCUSSION: SOFTWARE FOR TEACHING STATISTICS
Dani Ben-Zvi
The Weizmann Institute of Science

INTRODUCTION
A considerable portion of the 1996 IASE Round Table Conference was devoted to presentation and
discussion of software for teaching statistics. The section on Developing Exemplary Software included three
presentations of software:
•
•
•

Sampling Distributions, a computer simulation microworld (delMas, 1997).
Quercus, an interactive computer based tutoring system for Biostatistics (McCloskey, 1997).
ConStatS, computer based tutorials (Cohen, 1997).

Each of the presenters described the theoretical framework that directed the software design,
demonstrated briefly some exemplary features, and evaluated the quality and the impact. Lively question
and answer sessions followed the presentations, the essence of which I shall convey later. Each session had
its own primary focus: classroom implementation, assessment and research, or developing and improving
educational software.
A general discussion on the designing of statistics software, and their assessment, took place after the
three presentations. The purpose of these discussions was to identify key questions that need to be
addressed in the future.
A software “hands on” workshop session was spontaneously organized to let the conference
participants experience how technology really works. Developers and instructors of software demonstrated
computerized tools, and participants tried them out. The nine software tools that were presented include
(software presenter in brackets):
1. The Authentic Statistics Stack (Susanne Lajoie)
2. ConStatS (Steve Cohen)
3. DataScope (Clifford Konold)
4. MEDASS light (Rolf Biehler)
5. Prob Sim (Clifford Konold)
6. Quercus (Moya McCloskey);
7. Sampling Distributions (Robert delMas)
8. Stats! (Dani Ben-Zvi)
9. Tabletop and Tabletop Jr. (Clifford Konold)
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The objective of this chapter is to discuss topics relating to the use of computer software in teaching
statistics. In the first section, I shall summarize briefly the discussions following the three papers on
developing exemplary software. The second section includes a short summary of some of the questions
raised in the general discussion on software. The third sections consists of an overview of the types of
statistics software and its different uses in teaching. Finally, detailed descriptions of the nine specific
software programs that were demonstrated at the Round Table Conference concludes the chapter.
DEVELOPING EXEMPLARY SOFTWARE
Sampling Distributions

Research
The goal of the Sampling Distribution program, as presented by its developer (delMas, 1997), is to help
students develop an understanding of the Central Limit Theorem. Some of the participants pointed to the
need for empirical evidence to test whether the program achieves its goal.

Classroom implementation
Many questions were raised about the implementation of the software in class. It was suggested that
students might benefit more from the software if they tried to predict the characteristics of sampling
distributions before they started using the computer.
The author pointed out that the teacher leads the students to do this with a classroom handout. Students
then try to predict results, based on their prior knowledge. The teacher should also connect the context-free
computer simulation with real data experience, by using a question session, in which the students try out the
real world examples, followed by a summary discussion. Students use the program individually, but can
discuss their observations and difficulties with peers. According to the author, there is some evidence, that
individual work helps the students to develop an understanding of the concept. In fact, a lot of swapping of
information was observed in class.
Discussants emphasized the important role of social understanding and the need to allow group learning,
especially in the part of the lesson in which rules are derived. There is also a need to emphasize the
difference between the Central Limit Theorem and sample mean distributions.
The author explained that when using the Sampling Distribution software, the teacher should only go
into general ideas of the concept, and not into the details of formulae. Thus instruction is intended to be
empirical and demonstrative, rather than technical.

Improvements suggested
Two improvements to the Sampling Distributions software were suggested:
•

The addition of assessment questions at the end of the learning session.
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•

An explanation of the source of the square root in the theoretical formula σ

n

.

The software is still in the developmental stage and the author is concerned about its becoming too
complex, but welcomed all comments.
Quercus
The aim of the Quercus project was to create a complete interactive tutoring courseware in basic statistics
aimed specifically at bioscience students. It was designed to for students working either in a self-teaching or
directed learning mode. The software was intended to be used under the direction of a course lecturer.
After the paper presentation on the Quercus and STEPS projects (McCloskey, 1997), the discussion focused
on developing Computer Assisted Learning (CAL) programs and classroom implementation.

Developing CAL
The author questioned whether university teachers should write CAL software. It was suggested that
design teams need to consist of cognitive psychologists, multimedia specialists, computer scientists, and
teachers.
Classroom implementation
The author also raised the question of the obstacles in adopting CAL materials by university teachers.
She described the feedback obtained from 200 questionnaires, and indicated that university teachers expect
to be able to modify or customize the software when using CAL materials. Discussants indicated that a new
model of teaching statistics using CAL programs is needed. Teachers must learn the goals and use of CAL
software, and how to function in a situation of “loss of control” (i.e., their lack of ability to monitor every
detail of their students’ actions). On the other hand, teachers should be able to modify the software for their
students specific needs. However, CAL modules are often too limiting, and force the students to work
through a long sequence of prescribed steps. It is often more restrictive than a textbook, which teachers can
use with a sense of control and flexibility, by selecting certain passages and mixing them with material from
other sources.
ConStatS
ConStatS is a computer based tutorial aimed at gaining conceptual understanding of statistics by using
data. After the presentation of ConStatS by its developer (Cohen & Chechile, 1997), the discussion
concentrated mainly on classroom implementation and research issues.

Classroom implementation
The author reported on different methods that were used to introduce ConStatS to the students in a
statistics course. For example, some faculty introduced ConStatS during class time as a demonstration, while
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other faculty handed out a written introductory assignment that students took to the computer lab and
worked on independently. No driving question was offered in order to motivate the students to use
ConStatS. However, students were required to attend the computer labs, and evidence suggests that they
were engaged in the task while using ConStatS during lab time.
No specific support materials were designed by the development team. Some faculty produced written
assignments that served as guides to using ConStatS. Other faculty just told the students to go to the lab and
use it. The faculty would be in the lab, walking around and offering help.
ConStatS was used primarily as a learning tool, but some faculty had students work on selected datasets.
Thus, ConStatS also allowed students to practice exploratory data analysis work. SPSS or Minitab programs
were usually introduced 2/3 of the way into the course.
Discussants questioned whether the software can take a more central role in the instruction of statistics.
The author explained that the development team is looking for ways to utilize what has been learned from
trace data (a sophisticated trace facility was added in ConStatS to assesses individual student use), and
incorporate it into the software to offer more guidance to students.
One of the discussants suggested that ConStatS is probably of most use to students with a moderate
mathematics background, although it was reported that most of the students who took part in the assessment
program were undergraduate students with different level of mathematics preparation.
A question was asked about the level of use of ConStatS by different faculty members, specifically by
faculty on the development team who were described as being dissatisfied with the way statistics was being
taught. The author responded by saying that there was no particular relationship between the level of use of
ConStatS and faculty groups. However, the process of working on the development team and looking at
instructional habits and materials, might have caused faculty to reflect on and improve their own teaching.
Research
In response to a few questions about the assessment of ConStatS, it was reported that the control students
were selected to be all other students in statistics courses throughout Tufts University, and that there was no
attempt at randomization in assigning treatment/control groups. Students were made aware that trace data
was collected and had to sign a consent form.
The author mentioned that different types of feedback were received from students about the program.
For example, students stated that they would prefer to use ConStatS instead of being required to do a
midterm project. One of the faculty dropped one lecture section per week and required students to go to
the lab to use ConStatS. This faculty member received very positive evaluations from the students.
KEY ISSUES IN TECHNOLOGY FOR TEACHING STATISTICS
A general discussion on the designing of statistics software and the assessment of that software led to an
identification of the following key questions that need to be addressed in the future.
Research and assessment of software
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Student learning
•
•

What are the theories of statistics learning and teaching that underlie various types of instructional software
and application?
How can the evaluation of psychology of learning in using technology direct software construction
in an effective way?

Assessment of software
•

What are the results of the assessment of software packages that examine the following issues:
critical differences in software packages that seem to be doing the same things;
the role of software in supporting the teacher in instruction;
the role of software in facilitating students learning of statistics;
the integration of real data with statistics software;
disadvantages of using computing in statistics courses; and
a framework for classification and evaluation of software?

Communication
•

How do people find out about existing software, its assessment, and availability?

Professional development
•
•

What are the differences between traditional teaching and computer-based teaching, and how can the
teacher prepare her/himself to function in the new instruction situations.
What are the most appropriate forms of professoinal development for statistics teachers involving
the use of technological environments?

Developing new software
•
•
•
•

What makes software innovative, rather than only a little better, faster or prettier?
What type of software is lacking: data analysis tools, CAI or CAL software, simulations, and for what
age level?
What kind of support is needed for the software being developed?
Who should participate in software development?

TYPES OF STATISTICS SOFTWARE
The types of software that have typically been used in statistics instruction fall into one of the following
three categories (Biehler, 1995; Shaughnessy et al., 1996):
Statistical packages. These include programs for computing statistics and constructing visual
representations of data, often based on a spreadsheet to enter and store data. These packages create a
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computing environment that is mainly used to prepare students to become professional statisticians.
Professional statistical systems are very complex and are often not suitable for students. Thus, an adaptation
to adjust the software to the student’s cognitive ability is often required. From the list of exemplary
software presented, the following software would seem to fall to some extent in this category of
“educationally modified” statistical package: DataScope, MEDASS light, Stats!, and Tabletop.
Tutorials. These include programs developed to teach or tutor students on specific statistical skills, or to
test their knowledge of these skills. The tutorial program is designed to take over parts of the role of the
teacher and textbooks, by supplying demonstrations and explanations, setting tasks for the students,
analyzing and evaluating student responses, and providing feedback. Some tutorials function as an interface
with other statistical software, when a purpose of the tutorial is to demonstrate use of that software. The
following software falls in this category: The Authentic Statistics Stack, ConStatS, and Quercus.
Microworlds. These consist of programs to demonstrate statistical concepts and methods, which includes
interactive experiments, exploratory visualizations, and simulations, in which students can conceptualize
statistics by manipulating graphs, parameters, and methods. Typical examples are microworlds that allow
the investigation of the effects of changing data on its graphical representation, of manipulating the shape
of a distribution on its numerical summaries, of manipulating a fitted line on the quality of the fit, and of
changing sample size on the distribution of the mean. The following software are primarily microworlds:
DataScope, MEDASS light, Prob Sim, Sampling Distributions, Stats!, and Tabletop.
These categories are not necessarily distinct, and in many cases a specific software can fall in more than
one category. For example, Tabletop combines features of a statistics package and a microworld.
SOFTWARE DESCRIPTIONS
In this section I describe in detail each of the software packages introduced at the 1996 IASE Round
Table Conference. I first categorize each software by its general type, intended users, and application:
relevant sources are also provided to allow further investigation of the software and the associated research
projects. This is followed by a detailed description of its main features. Technical information is also
provided, including the software version, release date, operating system, system requirements, program size,
suggested price, and publisher. The information was gathered from the software developers and instructors,
Internet sources, and reviews.
The Authentic Statistics Stack
Type of software: Assessment standards modeling tool.
Intended users: Middle school students in introductory descriptive statistics course.
Application: Demonstration of performance criteria for the statistical investigation process.
Reference: Lajoie (1997).
Description: The Authentic Statistics Project (ASP) consists of three components, Discovering Statistics (a
descriptive statistics HyperCard stack), Authentic Statistics (a library of examples developed to assist
students in their learning of descriptive statistics), and Critiquing Statistics (students assess peer projects).
The examples demonstrate student performance standards for the statistical investigation process. Thus, the
abstract performance standards are made clear and open to learners. Students can see concrete examples by
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watching video tapes and computer screen recordings of student performance (average and above average),
accompanied by textual descriptions of the program scoring criteria. There are six assessment categories:
quality of research question, data collection, data presentation, data analysis and interpretation, presentation
style, and creativity. Students can access information about each category to see a textual and visual
demonstration of average and above average performances. After viewing the information, they can
develop their own project and align their performance to the criteria.
Technical information:
1. Version: 2.0 in progress.
2. Release date: September, 1997.
3. Operating system: Macintosh.
4. System requirements: 25 MB of hard disk space, 8-16 MBRAM.
5. Program size/Number of floppy disks: N/A.
6. Suggested price: N/A.
7. Publisher: N/A.
8. Information available from:
• Susanne Lajoie, McGill University, Applied Cognitive Science Research Group,
3700 McTavish Street, Montreal, Quebec, H3A 2T6, Canada.
E-mail: lajoie@education.mcgill.ca
ConStatS
Type of software: Computer-based tutorial.
Intended users: College students.
Application: Experimenting with statistical concepts taught in college introductory statistics courses.
Reference: Cohen & Chechile (1997)
Description: The emphasis of ConStatS is on gaining conceptual understanding of statistics by dealing with
real and interesting data. ConStatS consists of 12 Microsoft Windows based programs, grouped into five
distinct parts: representing data (displaying data, descriptive statistics, transformations, bivariate data),
probability (probability measurement, probability distribution), sampling (sampling distribution, sampling
error, sampling problem), inference (introductory estimation, hypothesis testing), and experiments. Each
program in the package is divided into a large number of “screens,” no one of which confronts the student
with more than a small number of closely related decisions. The choices the student has to make on each
screen lead to an active style of learning. WHY and HELP buttons are available on every screen. Students
are required to perform a series of experiments on the same data, which is provided in the program. Once
they have worked through the experiments and become familiar with concepts, they can use a data analysis
package to explore data on their own. Datasets from different disciplines are included. New datasets can be
added readily by students and teachers.
Technical information:
1. Version: 1.0.
2. Release date: September, 1996.
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3. Operating system: Windows.
4. System requirements: 4 MB of hard disk space.
5. Number of floppy disks: Two floppy disks.
6. Suggested price: US $20 (Workbook available for US $12-15).
7. Publisher: Prentice Hall.
8. Information available from:
• Steve Cohen, Tufts University, Medford, MA, 02155, USA.
E-mail: scohen@emerald.tufts.edu
Web site: http://www.tufts.edu/tccs/services/css/ConStatS.html
DataScope
Type of software: Data analysis program.
Intended users: High school and college students in introductory statistics courses.
Application: Teaching statistics using exploratory data analysis techniques with real data.
References: Konold (1995); Konold, Pollatsek, Well, & Gagnon (1997).
Description: This data analysis program, which is accompanied by five datasets and suggested instructional
activities, is very easy for students to learn, because it includes only a selected number of well-designed
capabilities. These include bar graphs, histograms, boxplots, scatter plots, one and two-way tables of
frequencies, tables of descriptive statistics, linear regression, point ID on scatterplots and box plots,
combining variables to create new ones, automatic scaling of plot axes, and random resampling for testing
hypotheses. A general “grouping” capability that makes DataScope especially powerful allows students to
form graphs and tables that group values of one variable according to the levels of one or more other
variables.
Technical information:
1. Version: 1.4.
2. Release date: 1994.
3. Operating system: Macintosh.
4. System requirements: System 6.0.5 or higher, 68000 processor or higher, 1 MB RAM, hard drive.
5. Program size / Number of floppy disks: 195K (not including data sets) / One floppy disk.
6. Suggested price: US $40.
7. Publisher: Intellimation Library for the Macintosh, and Australian Association of Mathematics
Teachers Inc.
8. Software available from:
• Intellimation, P.O. Box 1922, Santa Barbara, CA, 93116-1922, USA.
• AAMT, GPO Box 1729, Adelaide, South Australia 5001.
• Clifford Konold: konold@srri.umass.edu
MEDASS Light
Type of software: Elementary tool for interactive data analysis.
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Intended users: High school students (grade 7 and higher) and their teachers.
Application: Teaching interactive data analysis at the high school level in a first course on statistics.
Reference: Biehler (1995)
Description: MEDASS light is intended to be an easy to use elementary tool, and thus fill the gap between
the common, too simple, and not flexible enough tools designed for high school use, and the professional
tools that are too complex for high school introductory courses. It is designed to support flexible
interactive data analysis with multiple analyses and results. A spreadsheet-like data table is used for data
input, editing and display. The graphical methods include boxplots, histograms, bar graphs, dot plots,
scatterplots, and line plots. All the plots can be used for single variables or together with a grouping variable
that will produce composite or multiwindow plots. Graphs can be enriched by further statistical information,
such as lines for the mean or median, regression lines or curves from fitting polynomials, and exponential
functions and simple smoothers. Numerical summaries and frequency information are also available for
analyses with grouping variables. Numerical results are displayed in data tables that can be further analyzed
as new data with the available tools. Selection of subsets, transformation of variables and exclusion of points
from an analysis are available on two levels: graphical selection “by hand,” and in a more formal way, with
the support of a menu system. The system supports numerical, categorical, text, and name variable types.
Generic commands adapt to the variable types and the roles chosen for the variables (such as grouping
variable, x or y variable).
Technical information:
1. Version: Pre-release version 1.1.
2. Release date: June, 1996.
3. Operating system: Windows 3.11 or Windows 95.
4. System requirements: N/A.
5. Number of floppy disks: Two floppy disks with automatic installation.
6. Suggested price: Not yet fixed.
7. Publisher: Demo copy will be soon available from the authors: Stefan Bauer, Rolf Biehler, and
Wolfram Rach.
8. Available from:
• Rolf Biehler, Institut für Didaktik der Mathematik (IDM), Universität Bielefeld, Postfach 100131,
D-33501 Bielefeld, Germany. Phone: (49) (0) 521-106-5058. Fax: (49) (0) 521-106-2991.
E-mail: rolf.biehler@post.uni-bielefeld.de
Prob Sim
Type of software: Simulation tool.
Intended users: High school and introductory college courses.
Application: Teaching probability using simulations in courses where the major emphasis is on modeling
real situations.
References: Konold (1994, 1995).
Description: To model a probabilistic situation with Prob Sim:
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1.
2.
3.
4.
5.

A “mixer” is constructed containing the elementary events of interest.
The mixer is sampled from, after specifying replacement options, sample size, and number of
repetitions.
Events of interest in a sample are specified and counted.
Specified events are counted in new random samples.
Prob Sim makes the last step especially easy. Once analyses have been conducted on one sample,
the user can press a button to see the results of the same analyses performed on a new sample.

Technical information:
1. Version: 1.4 or 1.5.
2. Release date: 1994.
3. Operating system: Macintosh.
4. System requirements: System 6.0.5 or higher, 68000 processor or higher, 1 MB RAM.
5. Program size / Number of floppy disks: 189K / One floppy disk.
6. Suggested price: US $40.
7. Publishers: Intellimation Library for the Macintosh, Australian Association of Mathematics Teachers
Inc.
8. Available from:
• Intellimation, P.O. Box 1922, Santa Barbara, CA, 93116-1922, USA (version 1.4)
• AAMT, GPO Box 1729, Adelaide, South Australia 5001 (version 1.5)
• Clifford Konold: konold@srri.umass.edu
Quercus - Statistics for Bioscientists
Type of software: Computer-based tutorial.
Intended users: Biology, biochemistry, and medical science college students.
Application: Tutoring students in the basic techniques of data analysis and report writing.
References: McCloskey (1997). A review of the software can be found at the Internet site:
http://www.stats.gla.ac.uk/cti/activities/reviews/97_08/quercus.html
Description: Quercus is a suite of interactive tutorial courseware. Topics covered include using MINITAB,
graphs, summary statistics, sampling, testing hypotheses, investigating relationships, and ANOVA. There are
supplementary modules to provide students with practice exercises and self-assessment tests. A student
guidebook is to be published in 1997.
Technical information:
1. Version: 3.1.
2. Release date: September, 1996.
3. Operating system: Windows 3.1 or Windows 95.
4. System requirements: Recommend 8 MB RAM, MINITAB version 9+.
5. Program size: Requires 10 MB of hard disk space. Comes with installation program.
6. Suggested price: Free.
7. Publisher: University of Strathclyde, Glasgow, UK.
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8. Available from:
• STAMS Web page: http://www.stams.strath.ac.uk/external/quercus
• Moya McCloskey: moya@stams.strath.ac.uk
Sampling Distributions
Type of software: Computer simulation microworld.
Intended users: Secondary students and undergraduates in introductory statistics courses.
Application: Teaching of the Central Limit Theorem and the behavior of sampling distributions.
Reference: delMas (1997).
Description: Sampling Distributions allows the user to create a population and then draw random samples
from the population. The populations are created graphically using up and down arrows that “push” an
outline of the distribution to change its shape. Populations can be simulated in one of three modes:
binomial, discrete, or continuous. In drawing samples, the user determines the sample size and number of
samples to be drawn. The sampling distributions of sample means and sample medians can be displayed,
and summary statistics are also provided (e.g., mean of sample means, mean of sample standard deviations,
standard deviation of sample means). Users can visually compare the sampling distribution to the
population, and visually witness the effects on the sampling distribution caused by changing the shape of
the population and sample size.
Technical information:
1. Version: 2.1.
2. Release date: 1996.
3. Operating system: Macintosh.
4. System requirements: Minimum 68030 CPU (LC III) with 13 inch color monitor.
5. Program size / Number of floppy disks: 120K / One floppy disk.
6. Suggested price: Free.
7. Publisher: None.
8. Available from:
• Bob delMas, 333 Appleby Hall, University of Minnesota, 128 Pleasant Street SE,
Minneapolis, MN, 55455-0434, USA. Phone: (612) 625-2076. FAX: (612) 626-7848.
E-mail: delma001@maroon.tc.umn.edu
Stats!
Type of software: Data analysis program.
Intended users: Middle school and high school students in introductory statistics courses.
Application: Teaching statistics in courses stressing the analysis of real data using exploratory data analysis
techniques.
Description: Stats! is an interactive environment for the study and manipulation of statistics. Students start
with unordered data, typing both quantitative and qualitative data into any cell in a spreadsheet like data
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table. Next, they can use the classification tool to order their data. Tally sheets display data by count,
relative frequency, or percentage. Graphic representations include pie charts, pictograms, bar charts,
scatterplots, and accumulated frequency graphs. The representations can be enriched by also displaying the
mode, mean, median, quartile, and boxplots. Students can manipulate the data interactively directly on the
graphic representations. In addition, they can compare two variables or populations on one display. The
package includes a teacher’s guide and accompanying datasets.
Technical information:
1. Version: 1.0.
2. Release date: November, 1995.
3. Operating system: Macintosh or Windows.
4. System requirements:
Macintosh/Power Mac: 2 MB RAM, hard drive, 13 inch color monitor or larger.
Windows: Windows 3.0 or higher, 386 or faster, 2 MB RAM, hard drive, VGA monitor.
5. Number of floppy disks: Available on CD-ROM, floppy disks, or through Internet-enabled
subscriptions.
6. Suggested price: US $199 (single user). Special prices are available for a specified number of stations
or for a network.
7. Publisher: LOGAL Software Inc.
8. Available from (a free demonstration CD is also obtainable):
• LOGAL Software Inc., 125 CambridgePark Drive, Cambridge, MA, 02140, USA.
Phone: (800) 564-2587, (617) 491-4440. Fax: (617) 491-5855.
Web site: http://www.logal.com/w/owa/cat.ovw?p=STA
Tabletop and Tabletop Jr.
Type of software: Data modeling tool.
Intended users: Primary, middle and high school students (Grades K-12).
Application: Teaching modeling of real data using exploratory data analysis techniques.
Reference: Hancock, Kaput, & Goldsmith (1992).
Description: Tabletop (Grades 4-12) provides students access to, and awareness of, the fundamental ways
that data can be organized, manipulated, and presented. It includes a conventional row and column database
view, which allows the student to define fields. It also features an animated iconic view, in which one icon
appears for every record in the data base. The user can impose a variety of spatial constraints on the icons,
and their resulting arrangements can reveal properties of the data. Tabletop also includes full facilities for
creating and editing new databases, including the facility to design icons.
In general, the user acts by imposing structure on the screen space, after which the icons move to take up
the positions dictated by the assigned structure. The icons can be assigned labels based on any field in the
database, and summary computations can be generated over subsets of the data. From these representations,
scatterplots, histograms, cross tabulations, Venn diagrams, and a number of other graphs, less standard but
equally informative, are produced. These graphs are all open to further querying: one can change the labels
on the icons, or examine an interesting one in detail by double clicking.
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Tabletop Jr. (Grades K-5) is an exploratory environment supporting many games, activities, and
investigations in logic and data organization. It uses many of the same spatial organizing tools as Tabletop,
but applies them to more concrete, colorful “data” such as pizzas, hats, and cartoon characters. Together,
the programs provide a developmentally appropriate introduction to data concepts, as well as a professional
quality database, which enables students to gain practical experience with abstract data manipulation and
analysis.
Technical information:
1. Version: 1.0 ( Tabletop and Tabletop Jr. editions).
2. Release date: June, 1995.
3. Operating system: Macintosh or Windows.
4. System requirements:
Macintosh: System 6.0.8 or higher, 2 MB RAM, 4 MB hard disk space, 13 inch color monitor or larger,
256 colors.
Windows: Windows 3.1 or Windows 95, 386 or faster, 4 MB RAM, 4.5 MB hard disk space, VGA
monitor/display card 640x480, 16 colors, Windows compatible sound device.
5. Number of floppy disks: One floppy disk for Tabletop, and one for Tabletop Jr.
6. Suggested price: School Edition: US $99.95. Special prices for a lab pack or for a network version.
7. Developer: TERC, Inc.
8. Available from:
Brøderbund Software Direct, P.O. Box 6125, Novato, CA, 94948-6125, USA.
Phone: (800) 474-8840.
Web site: http://www.broder.com/education/programs/math/ Tabletop/
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12. WHAT DO STUDENTS GAIN FROM SIMULATION EXERCISES?
AN EVALUATION OF ACTIVITIES DESIGNED TO DEVELOP AN
UNDERSTANDING OF THE SAMPLING DISTRIBUTION
OF A PROPORTION
Kay Lipson
Swinburne University of Technology

INTRODUCTION
The trend in statistics education over the past few years has been to replace extensive studies in
probability, which lead to the theoretical development of the probability distribution, with computer-based
simulation exercises that develop these ideas based on empirical results. This trend has been supported
strongly by the statistics education community in general (e.g., Biehler, 1985; Gordon & Gordon, 1992;
Hogg, 1992; Moore, 1992b) . In some cases, entire courses have been developed based on computer-based
simulation (e.g., Martin, Roberts, & Pierce, (1994). Although this movement away from formal studies in
probability could be well-founded, little formal research has been undertaken to determine the sort of
understanding that develops as a result of such computer-based simulation exercises.
This study examined an area of statistics that has often been supported by computer simulation
exercises--the development of the idea of a sampling distribution. This is a critical step in developing the
theory of statistical inference; that is, the recognition that the estimates of a population parameter will vary
and that this variation will conform to a predictable pattern. However, for all its importance, experience and
research have shown that the idea is generally poorly understood (Moore, 1992a; Rubin, Bruce, & Tenney,
1990). One reason for this might be the way in which the idea has traditionally been introduced in statistics
courses--by using a deductive approach based on probability theory (see e.g., Johnson & Bhattacharyya,
1987; Mendenhall, Wackerly, & Scheaffer, 1990) . Such explanations are usually expressed in a highly
mathematical language that tends to make the argument inaccessible to all but the mathematically able,
which comprises a very small minority of the students taking introductory courses in inferential statistics.
But perhaps more importantly, it is a theoretical development that is difficult to relate to the physical
process of drawing a sample from a population. Statistics educators have come to recognize that there are
deficiencies with a purely theory-based explanation and often accompany or replace this with an empirical
argument. This argument uses the relative frequency approach to probability, where the sampling
distribution is viewed as the result of taking repeated samples of a fixed size from a population and then
calculating the value of the sample statistic for each (Devore & Peck, 1986; Ott & Mendenhall, 1990) . The
empirical approach has the advantages of being more readily related to the actual physical process of
sampling and requires minimal use of formal mathematical language.
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The computer has an obvious role in the empirical development of the idea of a sampling distribution. It
is relatively easy to program a computer to draw repeated samples from a specified population and to then
summarize the results. A number of instructional sequences have been developed built around these
capabilities. Unfortunately, these approaches, although widely promoted and now commonplace activities in
introductory statistics courses, may not have been as successful in developing in students the concepts of
sampling distribution as statistics educators have hoped. For, as noted by Hawkins (1990).
ICOTS 2 delegates were treated to "101 ways of prettying up the Central Limit Theorem on screen", but if
the students are not helped to see the purpose of the CLT, and if the software does not take them beyond
what is still, for them, an abstract representation, then the software fails. (p. 28)

What are the concepts we are hoping computer simulation exercises will clarify, and how does the nature
of the computer strategy used facilitate the assimilation of these concepts? This paper examines some
attempts at using computer-based strategies designed to introduce the idea of the sampling distribution
empirically, and makes some preliminary evaluation of the understanding that may develop as a result of
undertaking these experiences.
TWO COMPUTER-BASED STRATEGIES FOR INTRODUCING
THE IDEA OF A SAMPLING DISTRIBUTION
In this evaluation, two computer-based instructional strategies that introduce the idea of a sampling
distribution are considered. For convenience, we will restrict ourselves to the distribution of a sample
proportion. The first strategy utilizes the general purpose computer package Minitab. The second strategy
involves a computer package, Sampling Laboratory (Rubin, 1990), that explicitly makes use of the
increased graphics potential of the new desktop computers.
Strategy 1 (Minitab)
In the early 1980’s, the more innovative statistics educators began using the computer as part of their
teaching sequence (e.g., Bloom, Comber, & Cross, 1986; Thomas, 1984). In the earliest attempts,
complicated programming was required, but now commonly available statistical computer packages such as
Minitab may be used to produce empirical sampling distributions. Students are given the appropriate
computer code to generate random samples, calculate corresponding values of the sample proportion p^ ,
and display the distribution graphically (generally in the form of a histogram). For example, students can
instruct Minitab to draw 100 samples of size 25 from a population with proportion p = .5 and to construct a
histogram of the 100 sample values of the sample proportion ^p (see Figure 1). Similarly, other histograms
can be created by varying the population proportion p, the sample size n, or both.
Strategy 2 (Sampling Laboratory)
More recent computer applications in mathematics and statistics have tended to de-emphasize the use of
the computer as a computational tool and to focus on our ability to use current technology to build a
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working model of the process under consideration and to display the results graphically (e.g., Shwartz &
Yerushalmy, 1985). This approach has been followed in Sampling Laboratory (Rubin, 1990).

C1

N =

100
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Count

0.30
0.35

5
5

0.40
0.45

17
17

0.50
0.55

26
13

0.60
0.65

6
4

0.70
0.75

6
0

0.80

1
0.0

6.0

12.0

18.0

24.0

Figure 1: The histogram produced by Minitab
To use Sampling Laboratory, no programming is required by the user. The user simply makes the
appropriate entries as requested. The required number of samples are drawn sequentially, and the screen
shows simultaneously the following three windows:
1.
2.
3.

A probability distribution/bar chart of the population proportion.
A bar chart that shows the number of outcomes in each category observed in the particular sample.
An empirical sampling distribution of the values of the sample proportion p^ that builds as the
sampling proceeds, with the value of the sample proportion p^ from the last sample explicitly
shaded. The overall sample proportion is also shown.

The screen after 30 samples have been drawn is shown in Figure 2. The same calculations that are
performed in Minitab are also conducted here, but the emphasis is on the sampling process, and the
calculations remain in the background. In Sampling Laboratory, the sampling process can be observed in
real time and students see the sampling distribution form as more and more samples are drawn. The process
may be stopped and restarted at any time, or may be conducted stepwise, one sample at a time.
THE STUDY
The objectives of the session were to introduce students to the following concepts:
•
•

Samples will vary.
As a consequence, the value of the sample statistic will vary from sample to sample.
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•
•

•
•

These sample statisics do not vary in a haphazard way but form a sampling distribution.
This sampling distribution is roughly symmetric and bell shaped.
The center of the sampling distribution is at the value of the population parameter.
The spread of the sampling distribution is related to the sample size.

In order to evaluate the effect of using the computer simulation activities on students’ understanding, an
experiment was designed using students in an introductory statistics course at the university level in
Melbourne, Australia. Students are graduates from a variety of courses, and some had taken courses in
statistics previously, but for many this was their first experience studying any quantitative discipline.

Figure 2: Screen from Sampling Laboratory
The data discussed in this paper was gathered over one three-hour session. In the first hour, students
attended a class given in lecture format in which they were introduced to the idea of a sampling
distribution. This class included a “hands-on” sampling exercise in which a shovel and a box of beads
(white and colored) were passed around the group, and a histogram of the values of the sample proportion
obtained by each student was constructed as the sampling proceeded. During this exercise, the population
parameter, which is constant at a given point in time for a given population, and the sample statistic, which
varied from sample to sample, were emphasized. Also at this time, the accepted notation was discussed, and
the terms sampling variablilty and sampling distribution were introduced.
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Following this sampling activity, the students were told that they would be using the computer to allow
them to investigate further the sampling distribution for the sample proportion. The students were then
divided at random into two groups and separated into two different classrooms. Group 1 worked through
their simulation exercise using Minitab; Group 2 used Sampling Laboratory. Each group worked on
exercises that were as similar as possible; that is, each exercise required the students to generate sampling
distributions for samples of different sizes (10, 25, 50, and 100) and to fill in Table 1.
Table 1: Table for recording simulation results
Sample Size

Shape

Center

Spread

n=10

n=25

n=50

n=100

The students were asked at the completion of the exercise to use the completed table to answer the
following focus questions:
•
•

Look at where each of the sampling distributions is centered. How does the center of the sampling
distribution appear to relate to the population proportion?
Look at the spread for each of the sampling distributions. How does the sample size appear to
relate to the spread of the sampling distribution?

MEASUREMENT OF UNDERSTANDING
Those of us who teach statistics are well aware that many students seem to be able to learn to conduct
routine statistical tasks, but at the same time seem to be unable to demonstrate any understanding of the
statistical concepts that underlie these tasks (e.g., Garfield & Ahlgren, 1988; Lipson, 1995). That is, students
may exhibit some procedural knowledge of the task, but not have the necessary conceptual knowledge.
This creates a problem when students want to apply their knowledge to a different situation. In general
terms, procedural knowledge describes the student’s ability to conduct routine tasks successfully, whereas
conceptual knowledge implies an understanding of what is being done and why. Hiebert and Carpenter
(1992) provided more precise definitions of procedural and conceptual knowledge by relating them to a
student’s cognitive structure:
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Conceptual knowledge is equated with connected networks...A unit of conceptual knowledge is not stored as an isolated
piece of information; it is conceptual knowledge only if it is part of a network. On the other hand, we define procedural
knowledge as a sequence of actions. The minimal connections needed to create internal representations of a procedure are
connections between succeeding actions in the procedure. (p. 78)

Thus, if we are to accept the Hiebert and Carpenter definition of conceptual knowledge, researchers
concerned with measuring conceptual knowledge need ways of evaluating the development of the students’
cognitive structures, particularly in response to specific educational strategies. In assessing understanding,
we are concerned not only with knowledge of the relevant concepts but also with the relationships between
these concepts. A method that would appear to be relevant to the current situation is the concept map
developed by Novak and Gowin (1984), which has been used with some success in science education for
this purpose (e.g., Wallace & Mintzes, 1990).
The concept map
Novak and Gowin (1984) state that “a concept map is a schematic device for representing a set of
concept meanings embedded in a framework of propositions” (p. 15). Essentially, constructing a concept
map requires a student to identify important concepts concerned with the topic, rank these hierarchically,
order them logically, and recognise cross links where they occur. There are many uses for the concept
mapping technique that are well-documented in science education (e.g., Peterson & Treagust, 1989; Starr &
Krajcik, 1990). Among other things, concept maps have been used by teachers in curriculum planning to
determine the content and structure of courses, as an assessment tool to provide insight into the students’
understanding, and as a teaching tool to facilitate the development of student understanding (in much the
same way as the usefulness of preparing a summary).
Note that it is not the purpose of this paper to validate the use of the concept map as an instrument to
measure understanding in statistics. In an earlier study (Lipson, 1995), a significant correlation was found
between a concept mapping task and performance on several other tasks. These tasks included the solution
of a standard statistical problem, the explanation of a statistical hypothesis test in plain language, and the
application of the principals of hypothesis testing to an unfamiliar problem. The results of this study
indicated that the concept map provides a measure of both the student’s procedural and conceptual
knowledge, and was the only instrument investigated that successfully did this. Because it appears to
simultaneously assess both a student’s procedural and conceptual understanding, the concept map is a
useful tool for assessing understanding in statistics. Concept mapping can also be used to explore changes
in a student’s understanding by examining how student concept maps alter during an instructional
sequence. This was how they were used in the current study.
Method
The students enrolled in this course had been instructed in the use of concept maps starting from the
beginning of the semester (approximately seven weeks) and had been asked to prepare several concept
maps before the experimental session. During the teaching session, the students were asked to construct a
concept map before the computer session, but after the sampling activity that was described above.
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Figure 3:

Concept maps constructed by a student before and after computer session
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To assist the students in the construction of the concept map, the following terms were supplied: center,
constant, distribution, estimate, normal distribution, population, population parameter, population
proportion, sample, sampling distribution, sample proportion, sample statistic, sampling variability, shape,
spread, variable. The list of words was chosen based on the objectives of the teaching sequence, but also to
incorporate some of the key pedagogic features of the software. Students were instructed that these words
were merely a suggested list and that any words could be omitted or others added. This is the same way that
the maps had been used in the past.
The words were listed down the left hand side of a large sheet of paper, and the students were requested
to construct their map using pencil only. When the students had completed the maps, they were collected
and photocopied. After the completion of the computer sessions, the maps were returned to the students,
who were requested to modify their maps in any way they felt was appropriate. The resulting maps were
again recorded. Figure 3 shows an example of one student’s maps before and after the computer session.
Interpretation of the concept maps
There are many ways a concept map may be interpreted. The original way, as proposed by Novak and
Gowin (1984) , involves a scoring system where points are allocated on the basis of the number of concepts
involved, the number of levels in the hierarchy used to map the concepts, and the number of cross links that
are made between separate strands of the concept map. Although the original method has been successful
for certain purposes, it was believed that it would be an inappropriate method in a situation in which the
students are given a list of terms to use and asked to add structure to them. The relevant issues here were
how the terms had been linked together, whether or nor the linkages were correct, and if important links
had been recognized. An alternative technique for evaluating concept maps, which was used here, has been
suggested by Kirkwood, Symington, Taylor, and Weiskopf (1994). This approach is based on the
identification of a number of key propositions that have been identified by consultation with “experts.”
The propositions considered “key” to this particular topic were developed by the author in conjunction
with colleagues, and are listed in Table 2.
Table 2: Key propositions looked for in the students’ concept maps

A
B
C
D
E
F
G
H
I
J

Key Propositions
Populations give rise to samples.
A population has a distribution.
Population (distributions) are described by parameters.
Parameters are constant.
Sample distributions are described by statistics.
Statistics are variable, have a distribution.
The sampling distribution of pˆ is approximately normal.
The sampling distribution of pˆ is characterised by shape, centre, spread.
The spread of the sampling distribution is related to the sample size.
The sample statistic can be used to estimate the population parameter.
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Results of the concept map analysis
For each student, the following information was recorded: the computer exercise they undertook (M =
Minitab, S = Sampling Laboratory), the propositions that were present in their first map (A-J, see Table 2),
the propositions that were present in their second map, and any change in the number of propositions
included. The results are summarized in Table 3, which shows that the number of propositions added to the
students’ concept maps during the experiment varied considerably. To give some indication of the extent
to which the students changed their maps, a frequency distribution of the number of new propositions the
students added to their second map was constructed. Table 4 shows that seven students included three or
more new propositions, but 13 students did not change their maps at all.
The frequency with which different propositions were included in the students’ concept maps was also of
interest. Table 5 summarizes the number of students including each proposition before and after the
computer sessions, for each computer-based strategy, and the total over both computer groups.
Table 3: Number of propositions identified in students’ concept maps before and after computer sessions
Student

M/S

Map 1

Map 2

Change

Studen
t

M/S

Map 1

Map 2

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

M
M
M
M
M
M
M
M
M
M
M
M
M
M
M
M

3
4
2
4
4
6
0
3
4
2
7
5
4
6
3
7

3
4
2
6
5
6
5
3
4
6
7
7
5
7
6
9

0
0
0
2
1
0
5
0
0
4
0
2
1
1
3
2

17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

S
S
S
S
S
S
S
S
S
S
S
S
S
S
S

4
3
5
7
2
0
4
4
2
4
6
3
2
7
4

4
4
9
7
7
0
6
5
4
6
6
6
4
7
4

Chang
e

0
1
4
0
5
0
2
1
2
2
0
3
2
0
0

Table 4: Frequency distribution for number of propositions added to the second concept map
(Total number of students = 31)
Number of propositions

0

1

2

3

4

5

Frequency

13

4

7

2

3

2

From Table 5 the following observations can be made:
•

Propositions A (Populations give rise to samples) and C (Population distributions are described by
parameters) seem to have been assimilated by most students before the computer-based exercises
were undertaken.
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•
•
•
•
•
•
•

Many of the propositions that seem paramount in an a priori analysis to an understanding of sampling
distribution do not seem to have been evoked by the computer sessions, even though the sessions had
been specifically designed with these in mind and students were led to these propositions by the focus
questions. This would seem to be particularly true regarding Propositions B (A population has a
distribution), D (Parameters are constant), and I (The spread of the sampling distribution is related to
the sample size).
The most common addition to the students’ concept maps was Proposition H (The sampling distribution
of p^ is characterised by shape, centre, spread), which was added by 13 students. This concept is
important in the development of the concept of sampling distribution and for subsequent principals of
statistical inference.

Careful analysis of the concept maps allowed subtle, but important, developments in understanding to be
identified [e.g., Proposition J--that the sample statistic (proportion) can be used to estimate the population
parameter (proportion)]. During the concept map analysis, it became evident that Proposition J could be
validly included in the map in two different ways. Most students who included Proposition J did so by
directly linking the terms sample statistic and population parameter, as shown in the map in Figure 4a.
Alternatively, the map given in Figure 4b shows an increasing depth of understanding of the relationship
between the population parameter and the sample statistic, with the population parameter linked to the
features of the sampling distribution (i.e., shape, center, and spread). This notion, that the sampling
distribution of the sample proportion is centered at the population parameter, indicates that the student has
made links that one could justifiably expect to be important when developing further the ideas of statistical
inference.
Table 5: Frequency tables of propositions identified in concept maps before and after computer sessions
(Total number of students = 31)

Minitab
Before
After
Change

A
11
12
1

B
2
2
-

C
12
15
3

D
2
3
1

Proposition
E
F
9
8
10
9
1
1

G
7
7
-

H
4
9
5

I
3
3

J
6
9
3

Samp Lab
Before
After
Change

A
13
12
-1

B
3
4
1

C
12
14
2

D
1
2
1

Proposition
E
F
10
6
12
8
2
3

G
4
8
4

H
2
10
8

I
-

J
6
9
3

Total
Before
After
Change

A
24
24
1-1

B
5
6
1

C
24
29
5

D
3
5
2

Proposition
E
F
19
14
22
17
3
3

G
11
15
4

H
6
19
13

I
3
3

J
12
18
6
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Figure 4a: A concept map where population parameter and sample statistic are directly linked
Figure 4b: A concept map where the population parameter is related to the sampling distribution
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DISCUSSION AND CONCLUSIONS
This study compared two computer-based strategies (Minitab and Sampling Laboratory) for facilitating
understanding of the sampling distribution of the sample proportion. The results indicate that they were
both equally effective in achieving the instructional objectives, which is contrary to theoretical expectations.
The reason for the lack of difference between the two strategies might be because there really is no
difference between them in these circumstances. This possibility should not be disregarded, and in fact
could be the case if one considers the total teaching experience in which the computer activities are
embedded. The participation in the sampling activity that formed the common introduction to the
computer simulations should be considered to be a critical component of concept development. It is worth
noting that before either of the computer simulation sessions the median number of concepts contained in
the maps for both groups was 4. This indicates that the students had already begun to appreciate some of
the key ideas of the sampling distribution, which were then reaffirmed, and extended, by the computer
simulation experience.
A theoretical explanation of this situation may be given by consideration of the zone of proximal
development (Vygotsky, 1978). This theory has been interpreted by Brown, Ash, Rutherford, Nakagana,
Gordon, and Campione (1993) as follows:
It defines the distance between current levels of comprehension and levels that can be accompished in collaboration with
people or powerful artifacts. The zone of proximal development embodies a concept of readiness to learn that emphasizes
upper levels of competance. (p. 191)

In line with this theory, one could speculate that by experiencing the “hands-on” sampling exercise
first, students who subsequently conducted the computer simulation exercise using Minitab, which makes
less obvious connections between computer simulation and the real world than Sampling Laboratory, were
able to make these connections themselves. This would explain why, although the simulations carried out
using Sampling Laboratory are much more explicitly related to the real world sampling situation, there was
little difference in the effectiveness of the two programs. This would also suggest that the difference
between the computer strategies might be evidenced in a different experiment, where the “hands-on”
sampling exercise was not part of the total experience.
The effectiveness of the computer simulation sessions cannot be determined directly from this
experiment. Certainly, the number of concepts exhibited by the maps was larger after the computer
exercises (M = 5.3) than before (M = 4.0), and this difference was significant [t(31) = –4.94, p < 0.00005).
However, the lack of a control group in this experiment means we cannot attribute the increase in the
number of key concepts to the computer sessions; however, this should be the subject of further studies.
A further reason for the lack of a significant difference between the two computer-based strategies may
have been the inadequate time allowed for students to fully complete all activities, as well as to complete
their maps. Because this course was taught in a three-hour block during the evenings, many students may
well have felt that the effort required to modify their map was too much. This suspicion may be further
supported by the fact that 13 of the 31 students did not modify their maps at all. Future replication of the
study will endeavor to ensure that such problems do not occur again.
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Notwithstanding this, certain conclusions can be drawn on the basis of the study. The results show that
participating in a computer simulation activity was associated with a development of understanding for
many students: 18 out of 31 (58%) students added one or more propositions to their maps, and 7 of the 31
(23%) students added three or more. After the simulation exercises, 23 of the 31 students had included at
least 4 of the propositions on their concept maps. The concept maps allowed the investigator to observe
subtle growth in the students’ conceptual knowledge.
The understanding of a concept exhibited by a student will often be incomplete or faulty; however, by
using the concept map even the most minor development could be observed and identified. Each student
had a unique concept map, and every person changed their map in different ways. This individual evolution
of knowledge is consistent with the theory that understanding is constructed by the student on the basis of
their current cognitive structure, rather than received from an instructor on an information transfer basis.
Finally, the concept maps also seem to indicate that certain propositions are well established with students
while others, seemingly just as important, are not. Why some of the concepts that the activities are
specifically designed to illustrate are not established is not clear from this study. Perhaps the concepts that
appear important to educators on the basis of an a priori analysis are not fundamental to an overall
understanding of statistical inference, or perhaps there were deficiencies in the instructional sequence. This
clearly needs to be the concern of future investigations.
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13. STUDENTS ANALYZING DATA:
RESEARCH OF CRITICAL BARRIERS
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Allen Gagnon
Holyoke High School

INTRODUCTION
In describing the work of the nineteenth-century statistician Quetelet, Porter (1986) suggested that his major
contribution was in persuading some illustrious successors of the advantage that could be gained in certain cases
by turning attention away from the concrete causes of individual phenomena and concentrating instead on the
statistical information presented by the larger whole.
This observation describes the essence of a statistical perspective−−attending to features of aggregates as
opposed to features of individuals. In attending to where a collection of values is centered and how those values
are distributed, statistics deals with features belonging not to any of the individual elements, but to the aggregate
that they comprise. Although statistical assertions such as “50% of marriages in the U.S. result in divorce” or
“the life expectancy of women born in the U.S. is 78.3 years” might be used to make individual forecasts, they
are more typically interpreted as group tendencies or propensities. In this article, we raise the possibility that
some of the difficulty people have in formulating and interpreting statistical arguments results from their not
having adopted such a perspective, and that they make sense of statistics by interpreting them using more
familiar, but inappropriate, comparison schemes.
Propensity
It was not until the nineteenth century that statistics surfaced as a discipline and the idea took root that
certain variable data could be described in terms of stable group tendencies, or, as Quetelet (1842) referred to
them, “statistical laws.” In this article, we refer to these group tendencies as “propensities.” This should not be
confused with its meaning in Popper’s propensity theory of probability, in which a relative frequency is
considered a measure of a stable, physical property of a chance set-up (Popper, 1982). By group propensity, we
mean the intensity or rate of occurrence (an intensive quantity; Kaput & West, 1993) of some characteristic
within a group composed of elements that vary on that characteristic.
For example, to say that 75% of teenagers at a certain school have curfews indicates the tendency of students
in that group to have a curfew. The group comprises in this case both students with and without curfews. Saying
instead that 350 students at that school have a curfew creates a group within which there is no longer any
variability: that is, all 350 students in the group have a curfew. Given that we do not know the size of the school,
the 350 says almost nothing about the tendency of students at the school to have a curfew--in this sense it is not
a propensity. Thus, not all properties of aggregates are propensities.
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Nonstatistical comparisons
Comparing the size of two sets and comparing two individuals with respect to some attribute are the types of
comparisons that will be described here as “nonstatistical.” For example, we could measure the height of two
individuals and then declare the one with the larger measurement to be the taller of the two. Here we are
measuring or classifying each individual on some attribute and then comparing the two with respect to that
measurement. Because there is no variability involved (assuming each individual was measured once) we
consider this a nonstatistical comparison. Elaborating on the example provided above, we could count the
number of males and females in a particular school who have curfews and then claim that more females than
males have curfews. In this case, we first assign individuals to groups based on their classification regarding
some attribute(s), count the number in each group, and then compare the sizes of those groups. Again, we do not
consider this to be a statistical comparison because members of each group are of the same type with respect to
the quality of interest; thus, there is no variability within groups.
This paper reports the results of interviews with high-school students who had just completed a year-long
course in probability and statistics. Using analysis software they had learned as part of the course, these students
had difficulties formulating valid statistical comparisons. We argue that their failure to make appropriate use of
statistical measures such as medians, means, and proportions is due in part to their tendency to think about
properties of individual cases, or about homogeneous groupings of such cases, rather than about group
propensities.
Course description
The students had completed a course that has been taught for many years by Allen Gagnon at Holyoke High
School in Holyoke, MA. For the most part, the students who take the course are college-bound seniors.
Beginning in 1991, Gagnon’s class served as a test site for the development of the data analysis tool
DataScope® (described below) and the accompanying lab materials developed by Konold and Miller (1994).
Prior to this, Gagnon had taught a fairly traditional course using the text Elementary Statistics (Triola, 1986). At
the same time that DataScope was being developed, Gagnon began teaching statistics more in the spirit of
Tukey’s (1977) Exploratory Data Analysis (EDA) and having students analyze real data using the computer. He
now uses a text primarily to introduce various statistical techniques and concepts and spends the bulk of class
time having students explore and discuss various datasets. Student activity is often structured around written
labs that introduce the datasets, related aspects of the software, and proposing questions for exploration. In the
course taught during the 1994 -1995 school year, from which the interviewed students were selected, class time
had been split approximately evenly between probability and statistics. For the statistics component, students
were introduced to various concepts including the median, mean, standard deviation, interquartile range, stemand-leaf plot, boxplot, bar graph, histogram, scatterplot, and frequency table. Statistical inference received little
attention.
DataScope, which the students used during the class and again during the interview, is specifically designed
as an educational, rather than professional, tool (see Konold, 1995). In DataScope, raw data are entered and
stored in a row (case) by column (variable) table. Students select variables for analysis by giving variable
designations to columns of the data table and then selecting display commands. Basic analysis capabilities
include tables of descriptive statistics (including the minimum, maximum, mean, median, standard deviation,
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first and third quartiles), frequency tables (one- and two-way), bar graphs (that plot numeric data as histograms),
boxplots, and scatterplots. The number of analysis capabilities is kept to a minimum.
DataScope was intended for courses that put less emphasis on the mechanics of statistics and more on the
role of the statistician as detective, exploring complex data in search of interesting patterns and relationships.
With this modest “tool kit,” students can explore relationships among any combination of quantitative and
qualitative variables. A general feature that facilitates this is a “grouping” capability, in which any variable can
be split according to levels of one or more “grouping” variables. For example, if a variable “Height” (the height
of various individuals) is grouped by a variable “Sex” (the gender of those same people), a number of different
displays can easily be obtained that contrast the heights of males and females, including side-by-side tables of
descriptive statistics, two-way frequency tables, and separate histograms or boxplots displayed one over the
other for easy visual comparison.
PURPOSE OF STUDY
The purpose of this study was to explore difficulties encountered by students conducting fairly rudimentary
data analysis using the computer. Although there is a growing body of research on people’s understanding of
statistical concepts (for reviews, see Garfield & Ahlgren, 1988; Shaughnessy, 1992), little of this research has
been conducted with students doing anything complicated enough to be considered data analysis, where they are
choosing both questions to pursue and the analysis methods they will use. Rather, the focus has been on
understanding concepts, such as the mean (Mokros & Russell, 1995; Pollatsek, Lima, & Well, 1981) and the
law of large numbers (Fong, Krantz, & Nisbett, 1986; Well, Pollatsek, & Boyce, 1990), that figure centrally in
traditional statistics courses but that move to the background in problem/project-oriented courses that emphasize
exploratory data analysis. Finally, much of this research has studied students with little or no instruction in
statistics. Although this research offers insight into the knowledge and prior concepts students bring to their first
course, we also need to better understand the kinds of problems and the nature of the problems that emerge
during, and persist throughout, instruction as students encounter new concepts, methodologies, representational
systems, and forms of argument. Hancock, Kaput, and Goldsmith (1992) and Lehrer and Romberg (1996)
followed students during prolonged periods of data-analysis instruction and then described performance in more
complex data analysis tasks.
METHOD
Students
Four volunteers (two pairs) were interviewed and paid for their participation. The students in the study, all
females, had just completed the year-long course on probability and statistics taught at Holyoke High School.
They had performed during the year at about the class median, and both pairs had previously worked together in
class.
Materials and procedure
The students were interviewed by the first author as they worked together in pairs using DataScope. The
interview sessions lasted approximately 90 minutes. We explained to the students that we wanted to see “how
students with some background in statistics make use of the computer to analyze a set of real data.” We posed a
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series of questions concerning a dataset the students had explored during the course, and about which each
student had conducted and written up an analysis of two questions they themselves had formulated. The dataset
contained information on 154 students in mathematics courses at the school during that year and a previous
year. The 62 variables included information about age, gender, religion, job status, parents’ education, stance on
abortion, and time spent in a number of activities, including studying, TV viewing, and reading.
The interview consisted of three major phases. During the first phase, the students were asked to use
DataScope to give a brief summary of the dataset in order to characterize the students included in the survey. In
this phase, we were interested in seeing which information they would focus on, which plots and summaries
they would elect to use, and how they would interpret them. In the second phase, each student was reminded of
one of the questions she had explored as part of her class project and was asked to use the computer to show
what she had found. In the final phase, we posed a question they had not investigated during the course, which
was whether holding a part-time job affects school performance. We asked them to investigate the question and,
if possible, arrive at a conclusion. During all phases, the interviewer was free to pursue issues as they arose by
asking follow-up questions. There were a few occasions when the interviewer took on the role of instructor,
reminding one pair, for example, of the meaning of various parts of the boxplot when it became clear the pair
had forgotten.
The computer (a Macintosh PowerBook) was placed between the two students. Each of them had access to a
separate mouse and could therefore easily take the initiative during the interview. However, in each of the
groups one of the students tended to take the lead. The interviewer did not attempt to alter this dynamic, and in
general addressed questions to both students and accepted answers from either. The interviews were videotaped
using two cameras, one focused on the students and the other on the computer screen.
RESULTS AND DISCUSSION
For the purposes of analysis, we produced complete transcripts of the interviews and augmented these with
computer screen shots that showed the plots generated by the students during the interview. Transcript excerpts
we present here are labeled with paragraph numbers that indicate the location of statements in the interview, and
letters that identify the speakers. The student pairs consisted of J and M in one interview, and P and R in the
other. Interviewer statements are labeled I. Ellipses (…) indicate omitted portions of the transcript, pauses in
speech are represented by dashes (--), and a long dash (—) indicates a discontinuation of thought.
The students’ motivation for analyzing data no doubt plays a role in determining both the techniques used
and their persistence in analysis. During the class and interviews, students were encouraged to raise and explore
questions of personal interest to them, but nothing of import was affected by the answers to those questions;
thus, one could argue that these students were not performing as they might if something more critical were at
stake. What motivated these students during the interview is a matter of conjecture. Although most of the time
they appeared engaged and thoughtful, it is nevertheless the case that they were exploring the data primarily
because we had asked them to, which may be similar to classroom motivation.
Overview of analysis methods used by students
Although the transcripts include examples of both good and poor statistical reasoning, what is most striking
to us is that when they were given two groups to compare, both pairs of students rarely used a statisticallyappropriate method of comparison. We do not mean by this that they failed to use a statistical test to determine
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whether an observed difference between two statistics was significant or even that they failed to realize the need
for such a test; rather, they did not use values in their comparisons that we would ordinarily regard as valid
statistical indicators (e.g., means, percents, medians). Given that comparing two groups is fundamental in
statistics, and that these students had just completed a course that had as one of its major foci methods of
making such comparisons, this aspect of the students’ performance warrants explanation. We will argue that the
techniques these students do use in comparing two groups suggest that they have not yet made the necessary
transition from thinking about and comparing either the properties of individual cases or the sizes of groups of
individuals with certain properties, to thinking about and comparing group propensities.
Although there is evidence that M and J thought in terms of propensities when considering the distribution of
cases on single variables, they did not use comparable reasoning to compare the distributions of separate groups
on these same variables. Table 1 shows the types of statistical displays each pair of students used to explore
questions involving two variables. M and J explored three questions involving the relation between two
categorical variables (e.g., Are males or females more likely to have a driver’s license?). Although they did use
two-way frequency tables, most of their conclusions were incorrectly formed by evaluating the difference
between two of the frequency counts in the table. In their interview, R and P did not investigate any questions
involving two categorical variables. However, they used, as did M and J, two-way frequency tables almost
exclusively in their analyses. Their reliance on two-way tables may be partly due to the fact that two-way tables
were introduced near the end of the course; thus, they may have been using the most recently-practiced
technique.
In all, R and P investigated seven questions and M and J investigated two questions that involved comparing
two groups on a numeric variable (e.g., Do those with a curfew tend to study more hours than those without a
curfew?). During the course, they had primarily used grouped boxplots to explore such questions, comparing
medians to decide whether the two (or more) groups differed on the variable of interest. Less frequently, they
had generated “grouped” tables of descriptive statistics, which displayed summary values including means and
medians for each group.
During the interview, both pairs also used two-way tables to explore the relation between two numeric
variables (e.g., Is there a relation between hours spent watching TV and school grades?), producing massive and
unwieldy displays. Although both pairs tried on more than one occasion to look at a scatterplot, neither group
successfully generated one, either because one of the variables selected was categorical or because they had not
specified the variables appropriately in the syntax of DataScope.
Table 1: Types of statistical displays students used to explore three types of questions

Question Type
Categorical x Categorical
Numeric x Categorical
Numeric x Numeric

Students M & J
Students R & P
Display Type
Table of
Table of
Frequency
Descriptive
Frequency
Descriptive
Table
Statistics
Table
Statistics
3
0
0
0
2
0
5
2
2
0
1
0

In a number of instances, the four students exhibited difficulties interpreting boxplots and histograms, which
they usually generated only at the interviewer’s prompting. Both pairs expressed a preference for two-way
tables, pointing out that precise values were available in a frequency table when those values would have to be
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estimated on boxplots and histograms. Thus, another reason they may have primarily used frequency tables
during the interview was that they could interpret the basic display elements (cell and marginal frequencies)
much more easily than in boxplots, bar graphs, and histograms. Gal (in press) reports that even third-grade
students are quite good at “literal” readings of two-way tables.
However, this explanation is not entirely satisfactory, because even if they knew they poorly understood
various components of the boxplot, they all could explain basically what a median was, identify the median in a
boxplot, and obtain values of either the median or mean from the table of descriptive statistics. Thus, it seems
feasible that they could have used grouped boxplots or grouped tables of descriptive statistics rather than twoway frequency tables to compare two groups on a numeric variable. As mentioned, we suspect that a major
reason for their preference for frequency tables, and their corresponding indifference to other displays available
in DataScope, stems from their not holding a propensity view (i.e., from not having the understanding necessary
for comparing groups composed of variable elements). Without this view, they tended to fall back on the
nonstatistical comparison methods mentioned above. We argue that the two-way table allows them to do this.
We find support for this hypothesis, which we discuss below, in the particular way in which they used
frequency tables as well as in how they attempted to interpret histograms and boxplots.
Comparing absolute rather than relative frequencies
During the interview, M and J generated three two-by-two tables involving categorical variables. In each
instance, they initially used frequencies rather than percents to make a group comparison. For example, they
generated Table 2 to compare males and females with respect to holding a driver’s license. In their memory, few
of the males in their class had driver’s licenses, and there was some joking between the two of them during the
interview in which the boys were characterized as content with having their parents chauffeur them around-being lazy or perhaps indifferent to the privileges and prestige associated with having a license.
Table 2: Frequency table for “License” grouped by “Sex”
License
Sex

no

yes

total

f
m

35 (0.44)
19 (0.26)

45 (0.56)
54 (0.74)

80
73

total

54 (0.35)

99 (0.65)
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Interview:

183.
184.
185 .
186.
187.
188.
189.
190.

I: [Referring to the frequency table] So what is this, what does this tell you?
J: It shows that more males have licenses than females.
I: And, so what numbers, what numbers are you looking at when you compare those?
M: Well, 54.
J: To 45 or --M: 54 out of the 73 boys that were interviewed have licenses, and 45 out of the 80
girls that were interviewed have licenses.
I: And, so which is --M: Well, the boys, more males have their license than females
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Whether M in 188 was just reading off all the numbers in the table, a tendency we see elsewhere in the
interviews, or was trying to communicate something about the rate of licenses is not clear. We think the former,
since the focus in the rest of the protocol is clearly on the number of males and females with licenses. Their
expectation seemed to be that more of the girls would have licenses than boys. And their final interpretation in
190 was worded in terms of absolute frequencies — “more males…”
In 191 below, the interviewer raised the possibility that because there were different numbers of boys and
girls in the survey, the comparison of actual frequencies might not be valid.
I91
192.
193.
194.
195.

196.
197.
198.
199.
200.
201.

There are more females overall in the sample, right?… how do you take that into account in making
comparisons.
M: I don't know.
I: Can you, can you do that if there are different numbers?
M: What?
I: Can you compre -- How do you deal with the fact that there are different numbers of
males and females in trying to decide -- whether males are more likely to have licenses
or not?
M: Well, you could look at the percentage, too. --- I guess.
I: Does that take care of it?
M: Well, I guess. I don't know.
J: I don't know how you would do it.
M: I guess, maybe. I'm not really clear on what you're asking.
I: Well, maybe I'll ask it again.…

Although M seemed unsure of the nature of the criticism, after a little thought she interrupted to offer an
explanation.
203.
204.
205.
206.

207.
207.

I: I just want to ask you what —
M: What? Because there's a different number of males and females, the total?
I: Right.
M: Well, you could look at the percentage because the percentage would look at it differently.
It would take the percentage of how many there are in total. So, it would take the percentage
of that so, you could look at 74 percent of males have their license and 56 percent of females do.
I: So which way do you think is better, to report the absolute numbers or the percentages?
M: Probably, the percentages because there are more females than males so, you know,
take the percentage of each would probably be more accurate, I guess.

M showed some awareness that percents permit comparisons of different sample sizes, but the “I guess”
tagged to her final assertion suggests lingering doubts. Furthermore, later in the interview M and J resorted to
comparing frequencies when interpreting another two-way table that cross-classified whether or not the students
had (1) a driver’s license, and (2) a curfew imposed on them by their parents. This case was particularly
dramatic because different conclusions would be reached depending on whether one compared absolute or
relative frequencies. They eventually did make the switch to comparing percents without prompting, but still
demonstrated some tentativeness about whether and why percents are more appropriate than frequencies.
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We argued above that simply comparing the size of two groups in which the group elements all share the
same feature is not a statistical comparison because it says nothing of the propensity of those group elements to
take on certain characteristics. To make the argument that this is what these students were doing, however, we
have to establish that they were indeed attending only to one feature of the groups of males and females — in
this case that they were interested only in the number of students of each gender who have licenses and were not
somehow taking into consideration those without licenses.
Attending to values rather than dimensions
The students’ statements associated with making group comparisons using frequency tables indicates that
once they had used one variable to form discrete groups, they did not regard the other variable on which these
groups would be compared as a variable at all. That is, they did not acknowledge one of the variables as a
dimension along which different cases could fall. They attended instead only to a subset of cases with a specific
value. For example, early in the interview M and J generated Table 3 to test their theory that more females held
jobs than males.
Table 3: Frequency table for variables “Job” grouped by “Sex”

Sex
f
m
total
92.
93.
94.
95.
96.
97.
98.
99.
100.

Job
no

yes

total

23 (0.29)
16 (0.22)

57 (0.71)
57 (0.78)

80
73

39 (0.25)

114 (0.75)

153

M: So, oh no, it's pretty even.
I: So tell me how — So, you're, you're looking at the percentage of males and —
M: Yeah.
J: Yeah, the difference.
M: Yeah, of females and males who have jobs.
J: Or who don't.
M: And that don't. And for the amount of--that do have jobs, that females and males are pretty even.
I: So what — tell me the numbers. I can't read them.
M: 57 males and 57 females.

We interpret M’s correction in 98 of J’s or (in 97) to and as signaling that she sees these as two separate
questions. In 98 she also makes it clear that she is looking at those who hold jobs and in 100 uses only the
students with jobs in her comparison. Indeed, if comparisons are going to be made on the basis of absolute
numbers, this distinction is important. Using the frequencies in Table 3, they might well conclude that gender
makes no difference with regard to holding a job, but does make a difference to not holding one. This might
explain in part why, when asked to summarize such a table, R and P tended to read off all of the values.
Later in the interview M and J pursued the question of whether “people with licenses have a curfew.” They
compared the groups who did and did not have licenses only with respect to having a curfew; those who did not
have curfews were not mentioned. After they had clearly indicated the values in the table (see Table 4) on which
their comparison was based, the interviewer asked:
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355. I: Okay and again, in that last comparison, we sort of ignored these two numbers [pointing to “no” curfew
column]. Is that, is that all right to do?
356. M: Yeah, for what we are comparing.
357. I: And, how come?
358. J and M: We were looking at
359. J: license with [curfew], and not without. And you could do another question without, because our main thing was
the license.
360. M: And the curfew.
360. I: Okay. So, if I asked you, “Are you less likely to have a curfew if you have a license vs. if you
don't have a license?” then you'd look at those other numbers?
362. J and M: Yeah.

Table 4: Frequency table for “Curfew” grouped by “License”

License

Curfew
no

no 17 (0.31)
yes 34 (0.35)
total

51 (0.34)

yes
37 (0.69)
64 (0.65)
101 (0.66)

total
54
98
152

As mentioned above, earlier in the interview M and J had compared absolute frequencies rather than
proportions. In this instance, they compared percentages rather than absolute frequencies. In the case of the twoby-two table, reporting that “the percentage of students with a curfew is 69% for those with a license and 65%
for those without a license” is no different than reporting the complements of those percentages (31% and 35%)
for the students without a curfew. But the above excerpt shows that M and J were not aware that in using
percents they were now using all the information in the table.
The use of percentage had been suggested earlier in the interview (see paragraph 191) when the interviewer
questioned the fairness of making comparisons based on different sample sizes. In our own statistics courses, we
often introduce the need for relative frequencies in just this way. However, motivating the use of percents on the
grounds of fairness may not bring with it an understanding of propensities. In this case, although M and J used
percents rather than group size when prompted with the fairness issue, they did not appear to realize that as a
result they were using a measure of propensity that reflected students both with and without a curfew. They still
appear to be forming two groups (those with and without licenses) that do not vary on the other critical attribute
(having a curfew) and then comparing the size (now measured in percents) of the groups.
In their study, Hancock et al. (1992) found that middle-school students preferred Venn diagrams to plots
such as bar graphs that organize all cases along a dimension of values. They speculated that features that make
these “axis” plots useful for detecting patterns and trends also make them more difficult to understand:
Students find it easier to think in terms of qualities of objects (“this circle contains all the people who prefer rap”) rather
than spaces of possible qualities associated with a datafield (“this axis arranges people according to their music
preference”). (p. 355)
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Our findings suggest that one reason it is easier to think about attributes of objects as opposed to attribute
spaces, or dimensions, is that in focusing on attributes one can circumvent the issue of variability. Once there is
no variability in collections of values, one can use nonstatistical methods of comparison. Additionally, we found
that even when students used dimensional plots such as two-way frequency tables and bar graphs, they tended to
view and interpret them much like Hancock et al.’s (1992) subjects interpreted simple Venn diagrams: In their
analyses, they still isolated elements that shared common values or attributes. Examples of this tendency are
provided below.
USING FREQUENCY TABLES TO COMPARE TWO GROUPS
ON A NUMERIC VARIABLE
In investigating the question of whether those with curfews studied more hours per week than those without
curfews, R and P generated a 2 (Curfew) x 21 (Hours) frequency table (part of this table is shown in Table 5).
Omitted columns are indicated by breaks in the table. Note that in producing frequency tables, DataScope does
not classify numeric data into intervals as it does with histograms. This limitation can result in rather unwieldy
displays.
Table 5: A portion of the frequency table for variable “Homework” gruped by “Curfew”
Curfew

Homework
0

no 7 (0.14)
yes 2 (0.02)
total 9 (0.06)

12

1 (0.02)
3 (0.03)
4 (0.03)

14

15

2 (0.04)
5 (0.05)
7 (0.05)

4 (0.08)
5 (0.05)
9 (0.06)

27

1 (0.02)
0 (0.00)
1 (0.01)

total

50
100
150

273: P: What was your question again?
274: R: If having a curfew affects your studying, like you study more if you have a curfew.
275: P: Well, I'm looking at like, 12 hours you get 3 people, and then 5, 5, you know, more people
study more hours if they have a curfew.
276: R: But, there's also more people.
277: P: But, I mean it's like less people who don't [have a curfew]. You know, there's like 1 for 12
hours, 2 for 14. Do you know what I mean?
278: R: Yeah.

P focused in on a specific part of the table; that is, for specific hours of study (12 to 15) she compared the
number of students with a curfew to those without a curfew. We are not sure why she chose to look at those
particular values. But she seems to have assumed that the range 12-15 represents significant study time so that
when she noticed that the numbers across this range were larger for students with a curfew than without, she
concluded that those with a curfew were studying more. The basic technique she used involves isolating similar
values of study time and then counting the numbers of students from each group at those values. There was no
explicit attempt made to use the dimension; that is, to look for a trend as study hours increase. (See Biehler’s
chapter in this volume for further analysis of this difficulty).
In spite of R’s expression of concern about the difference in numbers between those with and without
curfews, R seemed to be convinced by P’s argument. However, when the interviewer raised the issue again, R
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reaffirmed her concern, pointing out that 100 students had curfews compared to 50 who did not. Asked if there
was another way to deal with the problem of different group sizes, R suggested comparing “probabilities”
because they “don’t really have anything to do with how many people you have,” and then used the proportional
values in the table to do so. To demonstrate the difference between using probabilities and frequencies, she
pointed out that in the case of 15 hours, one would draw different conclusions depending on whether one
compared the 5 to the 4, or the .05 to the .08. Even though R uses the term “probabilities,” which is highly
suggestive of a propensity interpretation, we suspect she is not thinking about propensities, but only about
fairness. Unable to distill from the table an overall conclusion, R finally suggested that they might make the
judgment by selecting one value of study time, a value that seemed an ideal amount, and comparing curfew and
no curfew groups at that value, effectively giving up all but a few of the 150 data points to form two groups in
which there was no variability in the number of hours studied.
323. R: You could look, I mean, I would conclude that you would have to kind of pick a number to look look at. Like,
say this is my limit. I say, if you study this many hours, you’re going to have good grades, you're going to do
good and it's just like if I pick 15 hours, I say that's good, that's how much time I think a person should go up to,
should study up to, they shouldn't study more or less and then you would compare the two of them.

Why did the students in this interview revert to frequency tables whenever they could? R said that she, in
general, preferred frequency tables to bar graphs. She wondered why one would bother trying to determine the
exact height of each bar “when you can just look at the table and there you got it.” M similarly expressed a
preference for the frequency table “because you could just see the percentages and the numbers right there.” The
understandable preference for avoiding estimating when precise values are available does not explain why they
did not make use of means and medians for comparing groups that were available in the tables of descriptive
statistics.
Two features of frequency tables might explain their preference. First, as one moves from tables of
frequencies to histograms and boxplots (in the case of numeric data), one can no longer identify either
individual cases or the specific values they take on. From a statistical perspective, this is as it should be because
what becomes important, and increasingly visible in histograms and boxplots, are group features. We think that
what is especially important to these students about frequency tables in DataScope is that although the tables do
not allow one to identify specific cases, they do the next “best” thing: They tally the number of cases at each
specific value of the variable.
Having reached the impasse implied in paragraph 323, the interviewer asked R and P whether other plots
might help them make the comparison. They first generated a display containing grouped boxplots, which
showed separate boxplots of homework hours for each group, displayed one on top of the other over a common
axis. Then they produced grouped histograms, again showing separate histograms of study hours for the two
groups. To accomplish this using the software, they could leave the variable designations unchanged and simply
activate the appropriate plot command. They expressed dissatisfaction with both of these plots, however, and
attempted to use a feature of the software on both graphs to determine the number of students at particular levels
of the variable homework hours.

367. I: What is it that you want to find out [about the boxplot display]?
368. R: Like how many students in 10 hours, you know like, how many students studied 10 hours
on no [students without a curfew], and how many students studied 10 hours on yes [students

161

C. KONOLD, A. POLLATSEK, A. WELL, & A. GAGNON

with a curfew].

The software feature they wanted to use (a point identifier) does not operate on histograms, nor does it
directly give the information they wanted for the boxplots. Notice, however, that they were trying to get from
both these plots information they already had in the frequency table−−the number of cases for each group at
each level of the dependent variable. There is some sense to this−−relating aspects of a well-understood
representation to those of a poorly-understood one is a good way to improve one’s understanding. Given that
they subsequently showed confusion about interpreting both these types of graphs, this may have been part of
their motivation. However, we also believe the students were trying to impose, on all three representations, a
general method of making comparisons that makes sense to them−−that of looking for groups differences at
corresponding levels of the dependent variable. Below, M and J showed the same tendency to isolate subgroups
with grouped bar graphs, which they were using to determine whether fewer males than females had licenses:
246. I: You, you were just looking at these two columns [males and females with licenses] and
ignoring those [males and females without licenses]. How come? Can you do that?
247. M: Well, because, well, the only reason that we were was because we were more interested
in the people that had a license than the people that didn't. I mean, I guess it could, you could
look at that, too, but —

In looking separately at each level of the variable, they were basically composing groups of elements all of
the same type, and then simply comparing the number (and sometimes percent) of such elements in each group.
We speculate that both pairs of students prefer frequency tables because they, more clearly than the other
representations, segment values into discrete groups composed of elements that all have the same value.
EVIDENCE FOR A PROPENSITY INTERPRETATION
As mentioned above, there was some evidence in both interviews that the students were at times thinking in
terms of propensities. The clearest examples were in the interview with M and J who used percentages on
several occasions to summarize the distribution of a single, qualitative variable. These cases suggest that it was
not their discomfort with, nor ignorance of, percentages that prevented them from using percents to compare
values in the two-way table. Two of these instances of using percentages for a single variable immediately
preceded their failure to use percentages in a two-way table. This raises an interesting question about why
someone might have, but not make use of, a propensity perspective.
M and J produced Table 6 to show the marital status of students’ parents.
Table 6: Frequency table for variable “Parents”
Parents
deceased
separated
together
total

count

proportion

7
43
103

0.05
0.28
0.67

153

1.00
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152.
153.
154.
155.
156.
157.
158.

M: So, most people's parents are together.
J: 28 percent are separated though.
I: You think that's fairly common
J: I think nowadays, yeah.
I: or representative of the rest of the school?
J: Oh, no.
M: I don't know. To have, I mean like it seems like 67 percent seems like a really high percentage to have parents
together because with today, you know, so I don't know how that would have to do with the rest of the school. It
would probably be a little bit less I think.

In evaluating the .67, M apparently compared the observed proportion to her own expectation, which was
that the rate of divorce among families at her school was higher than what this sample suggested. M did not
simply read values off the table, but offered a qualitative summary−−most people’s parents are together.” This
episode demonstrates sound statistical practice in that M selected the most relevant values in the table, then
interpreted and related to them to her expectations. We suggest that here the students were not just reading
percents off the table, but were thinking in terms of propensities. That is, they were attending to the rate of
divorce in the sample and not simply its frequency. This is indicated not only by the use of percents, but also by
the use of the term “most” in 152, which relates the number divorced to the size of the entire sample.
It is instructive to think about what the implications would be if they had instead reported the frequency and
tried to relate that to their expectations. To do so might have made sense if their expectations were something of
the form “there are a lot of divorces these days.” 43 divorces may, to some, seem like a large number regardless
of the size of the comparison group. However, most people’s expectations of the frequencies of divorce are
probably more akin to ratios or percents given how often we hear that “half of all marriages end in divorce.” In
fact, it is hard to imagine how this and similar expectations could be mentally encoded as anything other than
propensities, such that we would be able to compare a particular sample of a certain size to our expectations. We
certainly do not store an entire series of expectations that tell us how many divorced people to expect in samples
of varying sizes. Hancock et al. (1992) make a similar point when they puzzle over what the 8th-grade students
in their study could have meant by their question “Can girls scream louder than boys?” if they were not thinking
in terms of group means. Yet these students seemed prepared to decide the issue by comparing the totals of the
individual loudness scores for the two (unequal-sized) groups.
M and J showed a similar pattern of responses with numeric variables, using appropriate summaries when
thinking about the distribution of a single variable but inappropriate ones when comparing two groups with
respect to that variable. For example, before looking at a distribution showing the number of hours worked per
week, M explained the need to summarize the data.
417. M: …We could look at the mean of the hours they worked, or the median…because…it would go
through a lot to see what every, each person works. I mean, that's kind of a lot, but you could look at the mean.

However, in trying to decide whether holding a job has a negative influence on school grades, they struggled
with trying to interpret an eight (Grades) x two (Job) frequency table rather than comparing the mean or median
grades of those who worked to those who did not. They attempted to determine whether there was a difference
in grades by comparing the frequencies of those who did and did not work at each of the eight values of Grade
(where the lower numbers represented better school performance), apparently expecting any effect to be evident
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in each row of the table. Although they did seem to be looking for a trend as they examined the grade values,
their conclusion was based on looking only at the results for those who received the top grades--the grades they
said they would want to obtain.
We return to the question posed above: why did M and J stop using percents, and even regard percents
somewhat skeptically, when they moved from examining the distribution of a single variable to examining the
distribution of that same variable over two subgroups? One possible explanation is that in the one-variable case,
M and J had generated an expectation to which the information reported in the table could be compared. As
previously mentioned, it is difficult to imagine how such expectations could be encoded mentally as absolute
numbers rather than as some form of propensity. However, in the two-variable case, there is no need to generate
an expectation of the two values. The hypothesis M and J were investigating involved observing whether there
was a difference between two values (fewer males than females have their licenses). The frequencies in the table
seem to be perfectly adequate for deciding whether or not there is a difference. More concretely, when one
examines a one-way frequency table showing the numbers of students having a license and sees the value 99, it
is hard to do anything with that information in isolation; thus, 65% (or 99 out of 153) provides a context.
However, when examining the two-way table and finding that 45 females versus 54 males have licenses, it
might be easy to think that with those two values one has all that is needed for making a comparison. If this is a
valid explanation of students’ reasoning, we expect that if the task were slightly modified these students would
use percentages.
For example, suppose the students were first asked to compare the instances of divorce in two groups (e.g.,
Catholics vs. Protestants) to the students’ expectations of the overall divorce rate. If the students were then
asked about the difference between the divorce rate of Catholics and Protestants, they might well compare
percentages rather than absolute numbers.
A second possibility is that comparing two groups prompts a form of causal thinking based on reasoning
about individual cases. In the single variable case, one does not need to think about particular causes to come up
with an estimate. To answer the question “What’s the current rate of divorce?”, one need only have access to
data, not to any information about what causal factors might be driving it. However, a question about divorce
rates in two subgroups prompts one to wonder what might cause divorces to be higher in one group than in
another. However, many students may not think in terms of what drives a rate but instead what drives
individuals to divorce (Biehler, 1995). This is no longer a question of propensities, but of specific scenarios that
lead to divorce. On several occasions during the interview, as the students were trying to explain why they
thought groups might differ on some variable, they tended to focus on a single case (often based on their own
experience) and to describe the details involved in that instance with no attempt to then talk about how more
general causal factors might reveal themselves in a diverse group.
Both these explanations seem plausible, but we have not reanalyzed the interviews in an attempt to support
or repudiate them. A third possible explanation, which we think is unlikely, is that the students’ use of
percentages in the single variable case has to do with the way in which the tables display the information. That
is, it is easier to read the proportion in the one-way table than it is in the two-way table. Although DataScope
does display proportions more prominently in the one-way table, this would not explain why percentages were
not quickly adopted without question once they were pointed out.
CONCLUSION
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To summarize, both pairs of students−−after a year-long course in which they had used a number of statistics
including means, medians and percents to make group comparisons−−did not, without prompting, make use of
these methods during the interview. We found evidence in the protocols that suggests that this failure was due in
part to their having not made the transition from thinking about and comparing properties of individual cases, or
properties of collections of homogeneous cases, to thinking about and comparing group propensities. Both pairs
of students relied on frequency tables even when these were not the most appropriate displays. When using the
frequency tables, the students tended to compare absolute rather than relative frequencies, even when groups
differed dramatically in size. Group differences were judged by isolating those cases in the comparison groups
that had the same value; thus, they effectively treated the dependent variable as if it were not a variable at all.
There is a large literature documenting peoples’ difficulties interpreting two-way tables, and one could view
our study simply as a further demonstration of these difficulties. However, most of the research concerning
interpretation of two-way tables has explored people’s ability to judge association (or statistical independence)
by asking them whether the data suggest a relationship between the two variables, or whether one variable
depends on the other. Note that the tasks in this study were generally construed as determining whether there
was a difference between groups. Although judging group differences is formally comparable to judging
association in these particular cases, these two types of judgments probably describe different cognitive tasks.
For example, a common finding in the literature on judgments of association is that many people judge whether
there is a relationship between, for example, having bronchial disease and smoking, by considering only one cell
in the two-by-two table: the number of people who both smoke and have bronchial disease (Batanero, Estepa,
Godino, & Green, 1996). This type of error, which we did not observe in our study, seems very unlikely to
occur when the question posed is whether those who smoke are more likely than those who do not smoke to get
bronchial disease.
We are not prepared at this point to offer specific prescriptions for how to foster the development and
application of a propensity perspective. However, during analysis of these interviews we became aware of a
general point we think has important educational implications; namely, the need to remember that the methods
we use to compare groups are dependent on our reasons for comparing them. Consider, for example, the task
that Gal, Rothschild, and Wagner (1989) presented to 3rd-graders and 6th-graders. They asked them to
determine which of two groups of frogs jumped the farthest. If the purpose in making this judgment is to declare
which group won the jumping contest, it is entirely adequate when the groups are of equal size to compare the
totals of the individual scores of each group. Similarly, if they wanted to know whether a particular group of
boys or girls can scream the loudest (Hancock et al., 1992), why not just total their individual performances? If
the groups happen not to be equal in size, they might consider a variety of other options for how to compare
them. In the “contest” framework, however, it makes sense for students to select criteria based on the fairness of
those criteria; there is no requirement, however, that these also need to be measures of propensity. The
advantage of using a measure of propensity for each group of jumping frogs or screaming students does not
become apparent until we decide we would also like to know approximately how far frogs jump, or how loud
boys and girls can scream. The students in our study may not have used propensities in the comparison tasks
because they were reasoning from a contest framework. Defining the task for students as one not only of
deciding, for example, whether those with curfews study more than those without curfews, but also of
determining measures of how much those groups study, may have induced a more statistical approach.
Of course, our ultimate purpose is not to find ways to “induce” statistical reasoning, but to help students
understand the relations among various purposes, questions, and methods so that they have more conscious
control over the methods they select. This idea fits with recommendations recently made by Biehler (1995) who
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analyzed the apparent tensions between traditional, probability-based statistics and the model-free approach of
exploratory data analysis (EDA). He points out that various practices in EDA (identifying outliers, breaking
collectives into ever smaller groups in search of explainable differences) might encourage reasoning about
individual cases at the expense of aggregate reasoning. His suggested resolution, however, eschews the idea that
we teach strictly from one perspective or the other, but that we encourage students to explore relationships
among various apparent antagonisms (e.g., between aggregate-based and individual-based reasoning or between
deterministic and nondeterministic perspectives). In this approach, students are not asked to abandon explaining
individual behavior, but rather to explore its power and limitations across various situations and in comparison
to other perspectives.
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14. STUDENTS' DIFFICULTIES IN PRACTICING
COMPUTER-SUPPORTED DATA ANALYSIS:
SOME HYPOTHETICAL GENERALIZATIONS FROM
RESULTS OF TWO EXPLORATORY STUDIES
Rolf Biehler
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THE CONTEXT AND METHODOLOGY OF THE STUDIES
In this paper, I will report and summarize some preliminary results of two ongoing studies. The aim is to
identify problem areas and difficulties of students in elementary data analysis based on preliminary results from
the two ongoing studies.
The general idea of the two projects is similar. Students took a course in data analysis where they learned to
use a software tool, used the tool during the course, and worked on a data analysis project with this tool at the
end of the course. The course covered elementary data analysis tools, such as variables and variable types, box
plots, frequency tables and graphs, two-way frequency tables, summary measures (median, mean, quartiles,
interquartile range, range), scatterplots, and line plots. The grouping of data and the comparison of distributions
in the subgroups defined by a grouping variable was an important idea related to studying the dependence of
two variables. The methods for analyzing dependencies differed according to the type of variables: for example,
scatterplots were used in the case of two numerical variables, and two-way frequency tables and related
visualizations were used in the case of two categorical variables.
I have been interested in students' knowledge and competence in using the software tool for working on a
data analysis task. For this purpose, students were provided with data and given related tasks. The two studies
differed in their basic design. In the “Barriers project,” students were directly interviewed with regard to the
data with which they were familiar from the course and which they had used as basis for a class project. This
design allowed the researchers to focus on preconceived problem areas. In the "CoSta project," students were
allotted approximately one hour for working in pairs on the data and the task before interviewers entered and
discussed the results of their inquiry with them. This design provided more room for exploration of the data by
the student pairs. However, the subsequent discussion was very dependent on the students' results. In both
studies, the interviewers adopted a tutorial or teacher role to an extent that was not intended in the interviews'
original design.
The Barriers project is a collaborative project between C. Konold (University of Massachusetts, Amherst)
and H. Steinbring (University of Dortmund, Germany). The students involved were 12th graders at an American
high school who had completed a statistics course that used the software DataScope (Konold & Miller, 1994)
and was partly based on material with activities developed by Konold. The dataset contained more than 20
variables related to a questionnaire that was administered to approximately 120 students. The questionnaire
asked the students how they spend their time outside school, about their family, their attitudes, and so forth. The
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anonymous data contained responses from the students in this class as well as from other students in their
school. Students were interviewed at the end of the course about a project they had completed during the course,
as well as about other aspects of data analysis. During the interview, the students continued to work on the data.
The interviewer adopted a tutorial role by directing the students' focus and questioning their choice of method
and result interpretation. The students worked in pairs, and the process was videotaped and transcribed.
In the second project, "Cooperative statistical problem solving with computer support" (CoSta), I observed
student teachers who had attended my statistics course where the emphasis was on descriptive and exploratory
statistics. The software BMDP New System for Windows was used in the course. As part of the course
assessment, all students were required to complete an oral and written presentation. After the course, four pairs
of students volunteered for an extra session where they worked on a statistical problem. The dataset given to
these students concerned the number of traffic accidents in Germany in 1987. Frequencies were provided for
every day of the year, with differentiated information concerning the various street types and the type of
accident (with or without injured victims). The daily number of injured or killed was also provided. The entire
process--working on the task, presenting the results to the interviewers, the interview, and discussion--was
videotaped.
We are currently analyzing the interviews, video tapes, and transcripts from different perspectives, including
(1) the role of difficulties with elementary statistical concepts and displays, (2) the type of statistical problem
solving, and (3) how the students’ work is influenced by the computer as a thinking tool.
How the students’ work is influenced by the computer as a thinking tool can be analyzed by identifying
interface problems with the software, by observing how students cope with the weaknesses of the software, and
by analyzing how the computer influences their thinking and behavior in detail. The results with regard to the
software are interesting because they partly confirm but also partly contradict or add clarification to our current
understanding of requirements for software tools designed to support the learning and teaching in an
introductory statistics course (see Biehler, 1997). In this paper, I will not discuss results with regard to the third
perspective, but will instead concentrate on the first two perspectives (i.e., the role of difficulties with
elementary statistical concepts and displays and the type of statistical problem solving).
I will use some aspects of the videotaped episodes to demonstrate and argue for a basic problem; that is, the
intrinsic difficulties of "elementary" data analysis problems that we give students or that they choose to work
on. Analyzing what students do while at the same time reflecting on the possible solutions "experts" would
consider may bring us a step further to determining what we can reasonably expect from our students in
elementary data analysis and where we can expect to encounter critical barriers to understanding. The videos
from the Barriers project are currently being analyzed from other perspectives, such as from a psychological
point of view (Konold, Pollatsek, Well, & Gagnon, 1996) and from the perspective of an epistemologicallyoriented transcript analysis perspective (Steinbring, 1996). Preliminary joint discussions on the transcripts have
influenced the following analysis.
In the analysis, I will mainly concentrate on one task and one part of a recorded interview (episode) from the
Barriers project. The generalizations I offer are also shaped by experiences and preliminary results from other
episodes and the CoSta project. I will identify 25 problem areas related to elementary data analysis. The "expert
view" on exploratory data analysis (EDA)and the task analysis are based on an analysis of important features of
EDA for school teaching (Biehler, 1992; Biehler & Steinbring, 1991; Biehler & Weber, 1995).
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CURFEW, STUDY TIME, AND GRADES IN SCHOOL: AN ANNOTATED EPISODE
The episode analyzed in this section is taken from two student pairs of the Barriers project. I shall
concentrate on one episode to provide examples for my analysis. The analysis compares elements from the work
of two student pairs and compares this to what we as "statistical experts" would have considered a "good"
solution to the problem. I try to identify "obstacles" that students encounter. The extent to which these obstacles
are generalizable and adequately explained is not known, although experiences and results of other studies have
contributed to shaping the formulation presented here.
One of the problems the students of the Barriers Project selected to investigate was "Does having a curfew
make you have better grades?" This formulation has a "causal flavor." The result of such an analysis may be
relevant to parents' decision making or for students who want to argue about curfew with their parents. As part
of their analysis, the variable hours of homework was grouped with the binary variable of having a curfew
(no/yes). The students compared the distributions under the two conditions with several graphs and numerical
summaries and found no "essential" difference. They combined their statistical analysis with common-sense
hypotheses about why curfews are imposed and the role curfews might play in academic achievements.
Defining the problem
The students' own formulation of this problem contains a "causal" wording (i.e., "make you"). It is not
atypical for students to be interested in causal dependencies and in concrete decision making (e.g., can we argue
against parents who want to impose a curfew?). Similarly, causal relations are present in the media where
(statistical) research studies are quoted that seemingly support such claims.
It is important to study how students conceptualize and define the problem they want to analyze, before they
use the computer to arrive at some (partial) answer. One student of the Barriers project expressed a revealing
causal-deterministic chain of reasoning to support her interest in the curfew hypothesis:
"I mean if you had a curfew, would you study more, would you have more time to sit down and like actually have an
hour. Say okay, you have two hours and in those two hours, I just do my homework and nothing else and if you didn't
have a curfew, you have more liberty, so would do more as you please and less homework, less studying. So that's kind
of what I meant like. I, so what diff--I wanted to see what happened. So, if you studied more, did you have better grades,
if you studied less, did you have--you know like, I was assuming that if ...you had a curfew, you were doing more
studying, if you didn't have a curfew, you were doing less studying."

From the research question, the students derived a plan to compare the study time of those who have a
curfew with those who do not have a curfew. They expected that a difference in study time would support the
hypothesis that curfew has an "effect" on study time and vice versa. A statistical expert would know that such a
rush to conclusions is problematic in an analysis of observational data, because other possibly interfering
variables may also be relevant. A difference would point to indications, which would increase the evidence, but
definite conclusions cannot be drawn.
We can formulate the first problem area as:
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(1) Students seem to expect that results of analyzing observational data can directly be interpreted in causal terms.
However, results of a statistical analysis may be much weaker, especially if we analyze observational data. A reflection
on the status of expected results should be part of defining a problem and of interpreting results.

The way of conducting data analysis in the classroom may be partly responsible for this obstacle. If students
are given data analysis tasks with observational data the talk of "effects" of one variable on another one may be
nothing more than a façon de parler introduced by the teacher for group comparisons. It is likely that students
may interpret this as meaning "effect" in the causal sense if this is not discussed in the classroom.
The propositions stated by the female student (presented above) do not show any probabilistic or stochastic
elements; that is, there are no formulations such as "will tend to," "are more likely," or "in general." She may
have had something like that in mind, but used more common language for the sake of simplicity. Common
language does not support statistical reasoning as well as it supports deterministic reasoning. However, other
interviews show that students sometimes said "‘tend to’ do more homework.” A more elaborated way of
describing a possible relation is as follows: Study time is dependent on many factors, one of them could be
curfew. Imposing a curfew may have very different effects on the study time of different students, however.
Even if students think that imposing a curfew may increase the tendency to study and that this tendency would
reveal itself in a different distribution of study time in the curfew group, this would also be a superficial
conceptualization.
(2) Students use common language and the idea of linear causal chains acting on individual cases to make sense of the
situation. They do not use the idea of a multiplicity of influencing factors where an adequate design has to be chosen to
find out the effects of imposing a curfew. Why should a comparison of groups with and without curfew throw light on
this question at all? This critical question is not posed by the students.

It may be necessary to help students develop qualitative statistical-causal cognitive models (Biehler, 1995).
Mere data analysis may only provide superficial insights. What may be required in "upgrading" students'
cognitive models is a problem that has not yet been sufficiently analyzed.
In the next step, the students used the data to gather information in order to answer their question. The
students examined the data base that contained the two relevant variables: the binary variable curfew (yes/no)
and the variable HW: hours of homework, a numerical variable that contains an estimate of the number of hours
devoted to homework weekly. The students used several data analytical methods for studying "dependencies"
(e.g., scatterplots for two numerical variables or grouped box plots or frequency displays for studying the
dependence of a numerical variable on a categorial variable).
In this step, the students replaced studying the original complex question with studying the differences in the
distribution of HW grouped by the variable curfew. This replacement was probably not a conscious refinement
and reduction but rather may have been suggested by the situational constraints of the experiment. The situation
reduced the problem space in several ways: (1) students used the data given instead of thinking what data they
would like to collect to answer their question, and they did not notice the limitations of the observational data
for their causal question; (2) students searched the available variables in the data base for a match with their
verbally-formulated question (actually, the question was chosen with regard to the variables available); the
process of transforming words into statistical variables was cut short; and (3) nobody questioned whether a
statistical analysis was reasonable at all. Other methods such as interviewing parents or students may be better
methods. Teachers and students should be aware of the limitations of using statistical methods. If we apply
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qualitative interpretative methods in our educational research we should also be especially aware of these
alternatives when we teach statistics to our students. Moreover, global differences between student groups with
and without curfews may not matter to parents who have to decide whether to impose a curfew for their child
under very specific circumstances.
The replacement of the subject matter question by a statistical question remained partly unnoticed and
became a source of misunderstandings between the interviewer and the students. This indicates a general
obstacle that is raised in the classroom, too: whereas the teacher may be thinking in terms of variables and
statistical relations, the students may use the same words, such as "curfew," without thinking in terms of a
"binary variable." Obviously, an operationalization of the verbal formulation of "having a curfew" could be
different from a yes/no definition. Weekend or nonweekend curfews could be distinguished, or we could take
into account the time when students have to be at home. In teaching mathematical modeling, we frequently
emphasize the importance of distinguishing between the real world situation/problem and the mathematical
model/problem. This clarification may also help in the statistical context. The scheme shown in Figure 1
illuminates necessary transformations between the stages and the necessity to evaluate results in the light of the
original problem. The system of variables collected in the data base is comparable to a reduced idealized model
of a real situation.

Statistical problem

Results of
statistical analysis

Real problem

Interpretation of
results

Figure 1: Cycle of solving real problems with statistics
(3) Genuine statistical problem solving takes into account and deals with the differences and transformations between a
subject matter problem and a statistical problem and between the results of a statistical analysis and their interpretation
and validation in the subject matter context. When these differences are ignored, misunderstandings and inadequate
solutions become likely.

I have already argued that the situational constraints of a task given to students may not be optimal for
promoting a development of metacognitive awareness of this difference (i.e., the difference between a real
problem and a statistical problem). These limitations are reduced when students are involved in the entire
process of defining (constructing) variables and collecting data (Hancock, Kaput, & Goldsmith, 1992). How to
cope with this problem when students are only asked for an analysis of available data is currently unknown.
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The above problem is not limited to educational situations. For instance, Hornung (1977) admonished
analysts to distinguish between experimental and statistical hypotheses and between the level of the statistical
result (significance) and what this may say about the original real problem. It often remains unclear whether
"rejecting a hypothesis" is a proposition on the level of the statistical problem or on the level of the real
problem. More generally, we find a widespread simplistic view about the relation of formal mathematical
(statistical) methods to subject matter problems (see Wille, 1995, for a critique). Some people think that formal
mathematical methods can completely replace subject matter methods; however, frequently formal
mathematical methods only deserve the status of a "decision support system." At one extreme, we find people in
practice who use statistical methods for solving real problems as if they were solving artificial textbook
problems in the classroom. However, the relation between subject matter knowledge and statistics is a difficult
problem. Different traditions in statistics, such as the Neyman-Pearson school versus the tradition of EDA,
differ with regard to this problem; for example, EDA allows context input in a more extensive flexible way
(Biehler, 1982).
Producing statistical results
During the interview segment, all the displays and tables the software DataScope offers for comparing the
yes and no curfew groups were produced; that is, frequency tables, histograms (referred to as bar graphs in this
program), box plots, and a table with numerical summaries (these were all grouped by the variable curfew). Our
interview and video documents show that the process of selecting the first method or display and of choosing
further methods and displays varies among students--some superficially trying out everything, others making
reflective choices on the basis of knowledge and insight they had acquired. Most often though, students seemed
to jump directly to particular methods offered by the software tool (means, box plots) without much reflection.
The research problem here is the reconstruction of different patterns of software use in the context of a data
analysis problem. Two basic problems can be summarized as follows:
(4) Superficially experimenting with given statistical methods is a first step. But how can we improve the degree of
networking in the cognitive repertoire of statistical methods? In particular, students have to overcome the belief that
using one method or graph "is enough.”
(5) Software tools with ready-made methods influence the way a subject matter problem is conceived of and is
transformed into a "statistical problem" and into a "problem for the software.” This phenomenon can be exploited for
developing students’ thinking. However, later it is also necessary to reflect on these limitations and transcend the
constraints of the tool. How can we achieve this step?

Let us think about what a good model of use would be. What would (or should) an "expert" do? The expert
will conceptualize or classify our problem as "comparing distributions." For this purpose, several comparison
tools are cognitively available: box plots, frequency bar graphs with various resolutions, numerical summaries,
one-dimensional scatterplots (and probably other displays such as cumulative frequency plots or QQ-plots, as
well as tools from inferential statistics). An expert will have knowledge and experience about the relation of
these tools, especially about their relative virtues and limitations. Generally, an expert will know to experiment
with several tools because each tool shows different aspects of the data or aspects of the data in different
perspectives. Using only one tool will be not sufficient.
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Experts operate within a networked cognitive tool system and recognize the model character of a tool or
display. For instance, experts will know that several outliers with the same value will be shown in a box plot as
only one point and that box plots cannot directly show big gaps in the main part of the data. An expert would
also be aware of the differences of his/her cognitive statistical tool system and the tool system that a concrete
software tool offers. For example, an expert may think that a jitter plot would be the best display for a certain
distribution. If this were not available, an expert would use a combination of box plot, histogram, and dot plot or
generate a jitter plot by using the random number generator together with the scatterplot command. An expert
would also be aware that there may be differences in defining a certain concept or procedure in statistics in
general and in a software tool in particular [e.g., the various definitions and algorithms for quartiles that are in
use (Freund & Perles, 1987)]. Basically, we have to be aware of the subcycle shown in Figure 2.

Problem for the
software

Results of
software use

Statistical
problem

Interpretation of
results in
statistics

Figure 2: Subcycle of computer-supported statistical problem solving
Experts would probably conceptualize the situation as "comparing distributions," reflecting their cognitive
tool system, and then use the computer-based tool system in a reflective way (i.e., they would understand when
the computer tools are not adequate and understand the possible distortions and changes when progressing from
a real problem to a statistical problem to a computer software problem). In contrast, we can often reconstruct in
our students a direct jump from a real problem to a problem for the software without an awareness of possible
changes. Again, students are sometimes satisfied with producing computer results that are neither interpreted in
statistical nor subject matter terms. Such a degenerate use of software for problem solving, where it only counts
that the computer "does it," has also been reconstructed in other contexts (Krummheuer, 1988).
The degree of networking in some students' cognitive tool system seems to be rather low, otherwise the trial
and error choice of methods that we observed quite frequently would be difficult to explain. Moreover, some
students seem to look for one best display, when more than one display may be required.
Sometimes we can reconstruct episodes that show that students feel the need for a display not available in the
software; that is, they try to transcend the system of available computer-implemented tools. Students express
such needs fairly vaguely, probably because they have no command of a language necessary to express the
design of new graphs. This could be due to the habit of teaching them the use of only those graphs that are
already computer implemented, without sharing with the students why and how these specific graphs have come
to be constructed.
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Interpreting results
A characteristic feature of exploratory data analysis is the multiplicity of results.
(6) Students have to overcome the obstacle that a data analysis problem has a unique result. However, it is difficult to
cope with the multiplicity of results even at an elementary level.

Even if we compare two distributions, we can use various displays and numerical summaries, there may be
contradictions, and students have to relate the various results and make some kind of synthesis. The term "data
synthesis" was introduced by Jambu (1991) to emphasize that a new phase of work begins after the production
of a multitude of results. However, even a single display such as the box plot contains an inherent multiplicity:
It allows the comparison of distributions by median, quartiles, minimum, maximum, quartile range, and range.
The selection and synthesis of these various aspects is not an easy task for students. An even simpler example of
dealing with multiplicity is when comparing distributions by using means and medians--Should we choose one
of them? Are both measures relevant? How can we understand differences if they occur? These questions are
difficult for students (and teachers).
The difficulties that writing statistical reports pose to students are well-known; however, it is not only the
limited verbal ability of high school students that is responsible for these problems. Not only superficial reading
or writing will lead to distorted or wrong results. Our documents suggest that the description and interpretation
of statistical graphs and other results is also a difficult problem for interviewers and teachers. We must be more
careful in developing a language for this purpose and becoming aware of the difficulties inherent in relating
different systems of representation. Often, diagrams involve expressing relations of relations between numbers.
An adequate verbalization is difficult to achieve and the precise wording of it is often critical.
(7) There are profound problems to overcome in interpreting and verbally describing statistical graphs and tables that
are related to the limited expressability of complex quantitative relations by means of common language.

I now return to our interview to show some interpretation problems with elementary graphs. In the course of
one interview in the Barriers project, the students produced a frequency bar graph (see Figure 3), but did not
find it very revealing ("It is confusing").
Some students even had difficulty "reading off" basic information. The histogram for continuous variables in
Figure 3 has an underlying display scheme that is different from the categorial frequency bar chart. In the
histogram, the borders of the classes are marked, whereas in the categorial bar chart the category name (which
could be a number) is shown in the middle below the bar. It seems that some of the students interpreted the
above graph with this "categorial frequency bar chart" scheme in mind. For example, the “5” under a bar was
interpreted in the sense that there are only data with the value “5” in the bar. Bars with nothing written below
were difficult to interpret. There was a similar confusion of graphical construction schemes with regard to box
plots. We may conclude that, independent of the newly taught schemes, students attempt to make sense of
graphs by using graph construction schemes from other contexts. Thus, the notion that we must be more careful
in our instruction of distinguishing among different types of axis in elementary graphs is reinforced. The
software Tabletop (Hancock, 1995) offers a carefully designed possibility here for changing among different
types of axis that may be very helpful for beginners.
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n=50

n=100

yes
Figure 3: Histograms with absolute frequencies of HW (in hours)
However, not only the high school students had problems here. Most of the student teachers in the CoSta
project felt more "uncomfortable" with the continuous variable histogram than with the categorial frequency bar
chart. The student teachers had various difficulties related to the relation between relative and absolute
frequencies, and the various resolutions when changing the interval length of the grouping system. It could be a
good didactical idea to distinguish "maximum resolution bar graphs" that show the entire raw dataset from
"histograms" that are based on grouping the data and are thus only a summary of the data.
The fact that the computer hid the grouping of the data from the user could be hypothesized as a source of
difficulty. The histogram is a very simple case from the expert's view. However, the problem that users of a
mathematical tool forget the "meaning" of a certain display or method is a general one.
(8) Students tend to forget the meaning of statistical graphs and procedures, and, often, the software tool does not
support them in reconstructing this meaning.

Thus, perhaps the software we use needs to be improved: Some possibilities include adding hypertext
explanations including prototypical uses and pitfalls for every graph or method, offering related linked methods
(e.g., showing what is inside a histogram bar by clicking on it), highlighting the data of one bar in other displays
or tables, or suggesting "related methods" to be combined with the histogram. We must, however, improve
teaching and resist the temptation to take implemented statistical algorithms and displays "as given" in the
machine, forgetting that students have to construct the meaning of the methods in their minds.
Students produced a box plot display of HW grouped by curfew (see Figure 4).
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Figure 4: Boxplots of HW (weekly hours) with and without curfew (same data as in Figure 3)
In this case, it was the interviewer's initiative combined with the easy availability of the box plot in the
software that was largely responsible for choosing this display. Ideally, we want our students to know that one
of the reasons the box plot was developed was that comparing frequency bar graphs can often be "confusing,"
especially if we have more than two bar graphs (see Biehler, 1982). Thus, it may be helpful to emphasize that
the invention of the box plot was a solution to a problem.
(9) Students do not seem to appreciate that statistical methods and displays were constructed for solving a certain
purpose.

Some of the students needed help in reconstructing which numerical summaries are displayed in the box plot
and how they are defined. The different graphical conventions, namely that area and lines were both used to
indicate the location of data and that area is not proportional to the amount of data, were a source of confusion.
(10) The graphical conventions underlying the definition of the box plot are very different from conventions in other
statistical displays. This can become an obstacle for students. Moreover, a conceptual interpretation of the box plot
requires at least an intuitive conception of varying "density" of data. This is a concept that often is not taught together
with box plots.

After the interviewer clarified what the basic elements of the box plot represent, students faced further
difficulties in interpreting the box plots shown in Figure 4. The dominant feature is that the box plots are the
same with the following exceptions: the lower quartile is one hour less in the no group than in the yes group.
There are two outliers in each group (maybe more, overplotting!). The end of the right whisker (signifying the
maximum of the data without outliers) is one hour higher in the no group. The box as the visually dominant
feature in the display conveys the impression that the spread (interquartile range) in the no group is higher than
in the yes group. Which of the differences are relevant for the question of effects of having a curfew? This
question was discussed by the students and the interviewer.
The students regarded the difference in the outliers to be irrelevant for the comparison ("Just because one
studies 27 hours, the rest could study only 1 or 2 hours"). An expert would agree. But one student also rejected
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the difference in the lower quartile as relevant, because it ignores "the rest of the data." The equality of the
median is accepted as an indication of no difference. Why? "Because, by average. You know on average, people
studied 5 hours on both, with a curfew or without a curfew. So that would kind of be the median. That's right,
yeah. Or, if you look at the mean..." (Note that the means are 6.44 hours for no curfew and 6.995 hours for
curfew.) Reacting to the question of whether the mean uses all the data for comparison, one student said:
"You're not using all the data but you're looking kind of averaging out, you know like looking at the average
time that people spend studying, so you're using the whole data because you got to find one average."
We can see the interesting point that "comparison by average" seems to be a basic acceptable choice for the
students; intuitive conceptions like averaging out seem to play a role in this. It would be interesting to explore
this further. The students were asked to comment on mean or median but only referred to the mean; thus, we
suspect that they may have less confidence in using medians for comparison. This observation was also made
with the CoSta students. Moreover, the possibility that box plots offer--the simultaneous comparison according
to different criteria--is not really used and accepted by the students as a part of their tool system.
(11) Establishing the box plot as a standard tool for comparing distributions is likely to conflict with "acceptable
everyday heuristics" of comparing distributions or groups by arithmetic means (averages).

A SUPPLEMENTARY TASK ANALYSIS OF THE CURFEW EPISODE
FROM AN "EXPERT" PERSPECTIVE
In this section, the inherent difficulties and obstacles in the above problem will be analyzed further. This
complexity must be taken into account when designing problems and assessing students' performance and their
cognitive problems.
Median or mean
In the above example, we observed no difference in the medians but a difference in the means. Can we come
to a definite decision? Which difference is more relevant?
It may be helpful to know something about the relation of the two summaries. Why (in terms of the numbers)
are the means higher than the medians? It is difficult for students to understand relations between means and
medians, especially because no clear theory exists. An expert might see in this situation that the difference in
lower quartiles may "numerically explain" the difference of the means as compared to the medians, if we use the
metaphor that the mean is the center of gravity of the distribution. Imagine shifting the data below the median in
the upper display to the right (about 1 hour). This will produce something similar to the lower display and at the
same time result in a shift of the mean to the right (of half an hour). Obviously, this requires thinking on a very
abstract mathematical level--experts are able to change data and shift distributions conceptually in their minds.
This does not correspond to any real action--we do not have the same objects in the two displays (with two
different variables), but rather two different groups. My point is that successfully comparing distributions may
require fairly abstract thinking in terms of mathematical distributions as entities. However, we know that
working with functions as entities is difficult for students (Sfard, 1992). And this difficulty comes into play
when students are supposed to effectively compare data distributions. The problem of distributions as entities
will be discussed below, because it is also relevant for other respects of statistical reasoning.

179

R. BIEHLER

(12) Choosing among various summaries in a concrete context requires knowledge of relations between distributional
form and summaries, and of a functional interpretation of summaries (how they will be affected by various changes).
Thinking about summaries only with regard to their value in empirical data distributions and not as properties of
distributions as abstract entities may become an obstacle in data analytical practice.

This difficulty may not be surprising because data distributions are usually not characterized as concepts in
courses of elementary data analysis. Distributions are emphasized in probability theory but in an entirely
different context that students find difficult to apply to data analysis.
Interpreting box plots
How might experts exploit the information provided in the box plots? The diagnosis that the interquartile
spread is higher in the no group than in the yes group seems to not be directly interpretable. For the box plots
shown in Figure 4, we could argue as follows. Under both conditions, we have a median of 5 and an upper
quartile of 10. The distribution beyond the upper quartile looks similar. The distributions look fairly the same
above the median (according to the box plots). But among those who do relatively little homework, namely
among those less than or equal to 5 hours, we find a real difference: The median of weekly work of those with a
curfew is one hour more than without a curfew. In other words, if we constrain the analysis to the lower halves,
the median homework time is 50% higher among those who have a curfew. In this reasoning, we have
interpreted the lower quartile as the median of the lower half of the data.
We could consider a practical recommendation. Parents should consider imposing a curfew on those students
who do not (yet) work more than 5 hours. This practical conclusion is not completely supported by the data
because we have not strictly proved a causal influence of curfew on study time. But the conclusion is certainly
plausible. We will return to the weaknesses of this conclusion below. Let us reflect on the difficulties of the
interpretations of multiple box plots first.
(13) Even with the relatively elementary box plots, students will encounter a variety of unforeseen patterns in graphs in
open data analysis tasks. Interpretation often tends to be difficult, may depend on the specific context, and may require
substantial time before a satisfactory interpretation is achieved. Often, graphs will be confusing even to experts. The
search for interpretable patterns is natural but may not be successful, because they may not exist. The fact that many
textbooks present easily interpretable box plots (or graphs in general) may serve to mislead students to expect that all
plots are easy to interpret.

A well-selected set of examples for group comparison with box plots that includes examples in which no
satisfactory interpretation is available would be helpful for teaching purposes. This would be similar to what
Behrens (1996) suggests as a data gallery.
Although we have to face the above general problem in elementary data analysis, there are some specific
problems with box plots. In the CoSta project, we have observed that students tend to notice differences in the
medians first and do not pay enough attention to differences in spread. Interpreting differences in spread is a
general problem. There are prototypical situations with good interpretations of spread differences; for example,
two different measurement devices where spread measures the "accuracy" of the instrument. In other cases, the
larger variability of an external variable may explain the larger spread of the variable in question. In the CoSta
data, for example, the seasonal variation of the amount of traffic on weekends is higher than the seasonal
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variation within the week because there is additional traffic on weekends in spring and summer. However, there
are other cases where difference in spread is not easily interpretable.
An additional problem is that the box plot represents at least three global measures of spread: range,
difference between the whisker ends (range without outliers), and interquartile range. Students can report all
three, but how do they handle the different conclusions these may support? Also, the expert knows that a
difference of one hour in the interquartile range has to be taken more seriously than the difference of one or two
hours in the range or whisker differences, except for very small sample sizes. The resistance, robustness, or
"reliability" of summaries is an issue here. This is relevant not only when we think in terms of random variation
in a sample, but also when we take into account that there may be individual inaccuracies or errors in the data.
Obviously, this is open to interpretation, but what can students reasonably learn about this?
(14) Interpretations of summary statistics such as those represented in a box plot must take into account their different
"reliability" and "robustness.” Sample size is important even when the data do not come from a random sample.
Students generally lack the flexible knowledge and critical awareness of experts, which guides their behavior in such
situations.

A well-known advantage of the box plot is that it displays not only a global measure of spread, such as the
interquartile range, but a measure of spread left and right of center. In other words, skewness can be recognized.
This advantage may not be clear to students who may have learned the box plot as a standard display without
having been confronted with the problem of "how to measure spread." Skewness and symmetry are better
defined in the ideal world of mathematical distribution curves than in graphs of actual data. Experts see
structures and relations in real graphs as "symmetrical distribution plus irregular variation," but novices exposed
only to more complex but real data graphs will be unable to "see" this. Although we do not know enough about
what students and experts "see" in graphs, the following problem can be formulated.
(15) Box plots can be used to see "properties of distributions" such as symmetry and skewness that cannot be welldefined in empirical distributions. Moreover, the concepts of symmetry and skewness are related to a classification of
distribution types--the rationale of which is difficult to teach in elementary data analysis. For instance, experts will
probably expect skew distributions for the variable homework, although this expectation would not be easily
explainable.

Questioning the basis of decision making
Would an expert be satisfied with the analysis and recommendation to parents sketched above? What kind of
refinements with regard to the subject matter problem could be considered?
To broaden the analysis, we should check other graphs and numerical summaries to see whether we might
arrive at a somewhat different conclusion. Conclusions should not be based on a single display, because any one
display may conceal important features.
(16) Conclusions depend on the statistical methods and displays that have been considered. Experts, aware of the
limitations inherent in many summaries and the hermeneutic circle in data interpretation, consider alternative
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approaches. Students whose experience has consisted of well-defined textbook problems in a methods-oriented statistics
course will not be prepared to appreciate this problem.

The observational difference between the no/yes groups is not enough to support the claim of a causal
influence. We should also explore how the with and without curfew groups differ on other variables. Experts
would want to exclude the possibility that these other variables could explain the difference in study time.
There could be common variables such as age that could influence both our variables: for example, older
students may tend to study less and are less likely to have curfews or parents' attitude towards education may
induce them to impose curfews and find other ways to motivate studying. In other words, the elimination of
curfews may not result in diminished study time, because the general attitudes of the parents would not change.
This latter kind of thinking is far from being common sense; it is explicitly emphasized in statistics textbooks
because it is known that people tend to misinterpret data. Historically, statisticians have tried to control for third
variables by checking whether a certain effect is true for all levels of the third variable. Generally, our
conclusion has to be considered as an uncertain hypothesis that has to be tested by further experiments and data.
(17) Studying dependencies and possible "effects" in observational data is part of the agenda in elementary data analysis
courses--but how do we cope with the problem of "lurking variables"?

Any recommendation to parents should be offered with some reservations; that is, we cannot be certain that
imposing a curfew alone will have an effect. Sophisticated parents may say that an average increase is not
relevant, because they are interested in an increase of study time of their own child, and there may be very
specific conditions that they have to take into account. This raises the general problem that statistical effects
determined on groups may not be relevant for individual cases. Collective rationality and individual rationality
may clash.
A reasonable abstract model could be: cause -> intermediate variables -> resulting change, where the
value of the intermediate variables determine how the cause affects the result. Even if having a curfew would
have no "statistical effect," parents could argue that in the case of their child they have evidence that dropping a
curfew would have a negative effect. They could base their argument on their experience with their child in
similar situations. Intuitively, parents may feel that a certain change (dropping a curfew) may have different
effects on different persons so that the statistical argument is irrelevant.
(18) Statistics establish propositions about differences between "groups.” The relevance of group differences to
evaluating individual cases is often not clear. If students are not able to distinguish between the group and individual
level, they may run into problems when trying to interpret results. Statistical results and common sense judgments may
become difficult to relate and integrate.
(19) Students have difficulties in relating abstract models of linear statistical-causal chains to studying frequency
distributions under various conditions. Students conduct the data analysis study as they have learned in the classroom,
but the classroom learning has not (yet) upgraded their cognitive statistical-causal modeling capability.

Coordinating frequency bar graphs and box plots
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How do our conclusions depend on the chosen methods? We may follow up this question by examining
frequency bar graphs to examine further the structure suggested by the box plots. In order to examine the
frequence bar graphs, we must convert from absolute frequencies (used in Figure 3) to relative frequencies.

Figure 5: Histograms with relative frequencies of HW (in hours)
[interval width: 2.5 hours (width different from Figure 3, but same data)]
Figure 5 makes the shift below “5” more visible than Figure 3. Note that changing to relative frequencies and
changing the interval width from 2 hours in Figure 3 to 2.5 hours in Figure 5 is why the shift is more visible.
Figure 6 shows the bar graph when the interval width is changed to 5. Students must realize that two adjacent
bars have been "combined" to get the bars in Figure 6. An expert might see in Figure 6 two different "curves"
where the decrease is more rapid in the no group. A maximum resolution bar graph (not shown here) would
show an additional feature: the numbers 5, 10, 15, and 20 are very popular, which is a typical phenomenon
when people are asked to estimate. However, box plots do not show this; thus, students should be made aware
of this additional advantage of using a histogram.
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Figure 6: Histograms with relative frequencies of HW (in hours)
[interval width: 5 hours (width different from Figures 3 and 5, but same data)]
Cumulative frequency diagrams are an intermediate display type that support establishing relations between
histograms and box plots. The cumulative plot is not dependent on class interval size. However, the software
DataScope does not offer such plots.
The coordination of box plots and frequency diagrams is difficult for three reasons. First, students and
teachers typically describe box plots in rather imprecise language. For example, one person commented: "About
50% of the data are lying between the lower and the upper quartile, about 25 % are lying between the lower
quartile and the median etc." There are two problems in this statement: what is meant by "between" (including
or excluding the borders of the interval) and "about." The problem is less serious when we have no ties
(duplicated values) in the data. Rubin and Rosebery (1990) offer an example where ties in the data caused a
problem of understanding the median. To illustrate a source of this confusion, Table 1 shows the percentages of
data that are above, equal to, and below the median value of “5” hours for the two groups of students (who do
and do not have curfews).
The arguments presented earlier regarding these two group of students were based on using box plots and
the assumption that approximately half the data are below the median value of 5 in both groups. We would have
to refine it on the basis of Figures 5 and 6 and Table 1. The matter becomes even more complicated when we
consider that there are several reasonable definitions of quartiles and in addition, different software programs
use different definitions of quartiles in calculating these values. Sometimes there are different definitions for
quartiles in the same program--one for graphs and another for numerical summary tables.
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Table 1: Percentages of Homework Hours below and above the median (5 hours)
Interval
< median
= median
> median

“No ” Group
48
20
32

“Yes” Group
40
13
47

(20) The way teachers and students casually talk about box plots may come into conflict with frequency
information that students read from histograms.

The second problem of coordinating box plots and frequency bar graphs is conceptually quite difficult. The
definition of box plots is based on quartiles which are based on percentiles. This requires that students think in
terms of fixed frequencies that are spread over a certain range. The reasoning needed for the bar graph is the
inverse. For the box plot in Figure 4, students (and teachers) sometimes said "About 25 % of the data are
between 2 and 5 hours." (They looked at the range between the lower quartile and the median.) In common
language, this statement would be interpreted as “if we look to the interval between 2 and 5 hours, we find a
frequency of 25%.” However, the meaning of the students' proposition is really stronger--it is a proposition of
the location of the "second 25%" of the data, a very specific subset of the data that covers about 25%. In a
cumulative (maximum resolution) frequency plot, it is possible to coordinate both perspectives; that is, starting
from the frequency axis or starting from the value (quartile) axis. It is unknown whether introducing such an
intermediate plot may help to link box plots and frequency bar graphs in students' minds. In any case, this
intermediate cumulative plot requires thinking in terms of functions and their inverses, which are usually not
easily understood.
(21) The reasoning between "frequency "and "range for this frequency" in the case of the box plot is inverse to the
corresponding reasoning with regard to histograms. This conceptual difficulty is exacerbated because it is difficult in
common language to express the two different numerical aspects of a proposition such as "the frequency between 5 and
7 is 30%."

The third problem concerns how to talk about multiple box plots. The median and quartiles are concepts that
are defined with regard to frequencies. However, it is often of no use to repeat these definitions when describing
multiple box plots (i.e. just redescribing differences in other terms). Students must reach a stage where they
begin to use median and quartiles as conceptual tools for describing and comparing distributions without always
going back to their definitions. That seems to be very difficult to achieve. New concepts are required to describe
differences and relations in multiple box plots. For example, when exploring the box plots that contained the
traffic data in the CoSta project, students began to characterize the development of the monthly median or
spread as a function dependent on time (as measured by the month of the year).
(22) Comparing multiple graphs such as box plots or histograms requires coordinated use of the defining concepts as
well as the development of new concepts that are specifically adapted to the comparison of distributions.
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SOME FURTHER PROBLEMS AND TASKS FOR RESEARCH
In this section, I will briefly describe additional problems that we have encountered that I prefer not to
integrate into the presentation of the curfew problem.
The varying accuracy of numbers
"The mathematical and the statistical number--two worlds" is the title of a chapter in Wagemann's (1935)
book on a "statistical world view." He points to the different properties of exact mathematical numbers and
empirical numbers (results of measurements) in statistics. When we use an equality sign, we most often mean
only approximate equality in statistics. We have to judge how many digits of the decimal numbers of the raw
data are meaningful. It is more difficult to decide the number of significant digits for derived statistics. Experts
often have metaknowledge with regard to what accuracy would be considered reasonable and reliable. Students
encounter this problem in many disguises and forms, and this is especially true in descriptive statistics. Some
examples will be provided here.
The shape of frequency distributions
Students report that a frequency distribution has five peaks so that it must be considered multimodal.
Experts, however, would take into account that the number of peaks depends on the interval size and may
diagnose an overall unimodality plus "randomness" in the first attempt. This problem is well-known, and some
statisticians question the use of histograms and have more refined tools for diagnosing peaks. Density traces
often assume some probabilistic background that is (not yet) part of the students' world view. Students may
cognitively structure a histogram as a smooth curve plus irregular variation. However, we do not yet know
enough about what students see in histograms nor what kind of orientation we should teach students. The
problem turns even more serious when students have to compare distributions using frequency diagrams
(histograms). Questions such as "When are distributions practically the same, when are there "essential"
differences?" are difficult to answer. Note that the students encountered this when working on the curfew
problem and were confused.
The comparison of summaries
In one of the interviews for the Barriers project, students had to compare average grades. Grades of the
students were measured as A, AB and so forth, and then coded as numbers 1, 2, 3. Two groups had average
grades of 6.61 and 6.85. The students argued that decimal grades are meaningless and rounded both values to 7.
Thus, the conclusion was that no real difference exists between the groups. This example has several inherent
difficulties, one of which is whether we should calculate means of ordinal variables. However, the problem can
be observed for quantitative variables as well. For example, it generally does matter whether there are on
average 10.1 or 10.3 accidents per hour in a certain region. The basic problem is that summary values like the
mean and median have a "scale" that is different from the "scale" of the original values (and total range has a
different "scale" than interquartile range). A subsequent problem is what differences are really significant for a
certain subject matter perspective or problem--there is no general answer. Statisticians may point to the problem
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of statistical significance; however, this does not solve the problem of evaluating subject matter significance. As
became evident from the curfew problem presented above, it is extremely difficult for students to judge the
different potential variability of different statistical measures.
A further problem arises from the fact that most numbers in statistics are measurements, and often they are
estimations. In interpretation tasks, one has to take into account the reliability, validity, and accuracy of these
measurements (e.g., we observed several multiples of five in the estimates given by students regarding the
number of hours they spent on homework).
(23) Statistics is concerned with empirical numbers. The question of how many digits should be taken seriously depends
on the context. Metaknowledge is necessary for guiding data analysts. However, the orientation towards exact numbers
in traditional mathematics instruction may become an obstacle for adequate behavior in statistical applications.

Visualizations of data: how and why?
Elementary graphs are more complex for students than we had expected. Difficulties may arise because of
different (contradictory) conventions between discrete and continuous frequency bar graphs, and because of
differences between the principles underlying box plots and histograms (frequency is not always represented by
area or length). These difficulties multiply if different computer programs are used and there is a discrepancy
between the conventions used in teaching and those in the software.
These problems will grow in a computer-supported course if not enough time is devoted to the principles on
which the construction of a new method is based and on the reasons for a new display format: Which problems
can we solve better now that we have the histogram/the box plot? The existence of ready-made methods in
software may increase the temptation to just "give" students the methods, without creating a "need" for new
methods and without having considered possible alternatives.
Historical information could be of help here. Tukey (1977) provides a careful introduction to the box plot.
He considers box plots as a "quick and easy" first step "standard summary" of data. According to Tukey,
looking at box plots may provide clues and inspire the need for additional displays. For instance, one may wish
to concentrate on a display of only the medians or the quartile range, or one may wish to see the original data
behind the box and the whiskers in a one-dimensional scatterplot. Contrary to this flexible use, methods such as
the box plot have already become codified, and often teachers do not take enough time or have enough
awareness of the problem to help students to see the box plot from this wider perspective. Moreover, even many
professional tools do not easily support such a flexible approach by providing the box plot in the context of
other related methods.
Making the principles of graph construction and data visualization topical could also be valuable as a general
orientation: We have frequently observed students looking around in messy tabular data without getting the
basic idea that plotting may help to see more structure.
(24) If students have only learned a number of specific graphs, they may run into difficulties in various situations where
more general knowledge of principles of good statistical graph construction is required.

A conceptual orientation for interpreting and using graphs and tables
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The habit of careful and thorough reading and interpreting of statistical displays is difficult to develop. We
know from other statistics teachers that students tend to produce much uninterpreted output, and that the
possibility of using a variety of graph types may distract them from concentrating on interpreting one display.
We also know that it is difficult to write a report; that is, to produce written or oral descriptions and
interpretations of graphs. Our transcripts suggest that verbalizing structure in graphs is a problem, not only for
the students but for the interviewers and teachers as well. Quantitative relations are complex and cannot be
paraphrased in common language adequately without graphical means and symbolic notation. Often, the
verbalization is only a summary and, thus, a partial distortion.
A deeper problem is to understand, reconstruct, and influence the conceptual means, or the cognitive
structure, that students bring to a graph or table. There are a number of studies related to the interpretation of
line graphs of empirical data and of function graphs (see Romberg, Fennema, & Carpenter, 1993). Many
concepts are required for describing and interpreting aspects of graphs such as changing slope, local minimum
and maximum, and so forth. Also, recognizing shapes and classifying functional relationships is an important
orientation. To interpret a line graph with data, students may need to switch between seeing the graph as a
collection of points and as a representation of a function. We encounter similar problems in other statistical
graphs. However, the varying accuracy of numbers problem adds a problem. A simple example for this problem
is as follows: We can potentially see many different structures in a scatterplot, and we can cognitively fit
multiple functions that will pass "near" the data points. This kind of statistical ambiguity is not present in the
realm of graphs of empirical and mathematical functions as they are analyzed in the above quoted research.
We can illustrate the necessity of conceptual orientation with two-way tables. The software DataScope that
the students in the Barriers project used has the capability to display a frequency table of a categorical variable
grouped by another categorical variable, which results in a cross-tabulation with absolute and relative
frequencies. The students interviewed here analyzed the data table with regard to individual values and their
comparisons. In such a table, an expert would see marginal distributions and two types of conditional
distributions (row and column percentages) and would compare the rows or columns (which will be independent
when the conditional distributions are the same). In statistics, concepts such as "input flow view" and "output
flow view" have been developed for distinguishing the two views of the two-way table. The problem is related
to the well-known problem of confusing two different conditional probabilities; for example, P (test positive ⁄
man ill)and P (man ill ⁄ test positive). Experts have developed a rich conceptual structure for an analysis of such
tables.
The student teachers in the CoSta project had better conditions than the students in the Barriers project in
that much more time was devoted to the above conceptual prerequisites and the software BMDP New System
provided more flexibility than DataScope in swapping the variables in a two-way table, collapsing categories
for getting a better overview over the structure, and switching between displaying the two different conditional
distributions (row and column percentages) and the unconditional frequency distribution. The preliminary
results of the CoSta project shows, however, that it was also extremely difficult for these students to think in
terms of entire distributions (as objects) and to interpret entire rows and columns as representing conditional
distributions.
(25) Interpretation of graphs and tables that are more than a mere reading off of coded information requires a rich
conceptual repertoire.

Perspectives
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We hope that the further analysis of our documents will contribute to a reshaping and sharpening of the 25
problem areas that I have defined above. A further clarification and identification of adequate didactical
provisions for overcoming these difficulties or for redefining goals for teaching elementary data analysis is a
task for future research and development projects.
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The use of computers in the teaching of statistics is receiving increasing attention from teachers and
researchers (Shaughnessy, Garfield, & Greer, 1996). The introduction of computers is encouraged in
different curricula, such as in the "Standards" of the National Council of Teachers of Mathematics (1989)
and the "Diseño Curricular Base" in Spain (M.E.C., 1989), not only to extend what mathematics is taught,
but also to affect how that mathematics is learned. However, there is still scarce research reported
concerning the introduction of computers for teaching statistical concepts.
This paper presents the results of an experimental research project that investigated the effects of a
computer-based teaching environment on students' understanding of statistical association. The
experimental sample consisted of nineteen, 20 year-old university students who were enrolled in their first
year course on exploratory data analysis and descriptive statistics. The teaching experiment included 21,
1.5 hour sessions. For seven of the sessions, the students worked in the statistical laboratory, solving
problems whose solution required them to analyze different datasets provided by the teacher or collected
by themselves. The planning and instruction involved the organization of an instructional sequence to meet
the learning goals and contents, the selection of appropriate datasets, and a sequence of problems with
increasing difficulty, including the main task variables relevant to understanding association.
The changes in the students' conceptions were assessed using two different approaches. For one
approach, two equivalent versions of a questionnaire were given to the students as a pretest and posttest
instrument. For the second approach, the interactions of two students with the computer were recorded and
analyzed together with their written responses and their discussions during the problem-solving process. As
a result, we identified some resistant statistical misconceptions as well as different acts of understanding
concerning statistical association, which these students demonstrated during their learning process.
All of these results are presented below, starting with a summary of our previous research on students'
preconceptions and strategies concerning association (Batanero, Estepa, Godino, & Green, 1996; Estepa &
Batanero, 1996), which was conducted on the experimental sample as well as on an additional sample of
213 students. This additional sample was taken to compare how typical the experimental students' responses
were with regard to a more typical group.
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PREVIOUS RESEARCH CONCERNING STUDENTS' CONCEPTIONS AND STRATEGIES
Nineteen, 20 year-old students who had not previously studied statistical association participated in the
teaching experiment described in the next section. To identify students' preconceptions, a pretest was
administered to this experimental sample as well as to another sample of 213, 19 year-old students. The
whole questionnaire included 10 items similar to the item shown in Figure 1.

Item 1: In a medical centre 250 people have been observed to determine whether the habit of smoking has some relationship
with a bronchial disease. The following results were obtained:
Bronchial
disease

No bronchial
disease

Total

Smoke

90

60

150

Don't smoke

60

40

100

Total

150

100

250

Using the information contained in this table, would you think that, for this sample of people, bronchial disease depends
on smoking? Explain your answer.

Figure 1: Item 1 from questionnaire
The following task variables were used to vary the items in the questionnaire:
V1: Type of item: 2x2, 2x3, and 3x3 contingency tables; scatterplots; and comparing a numerical variable in two
samples (such as studying the association between reaction time and gender).
V2: Sign of the association: Direct association, inverse association, and independence were used in 2x2 tables and in
scatterplots. The sign of the association was not applicable to the rest of the items.
V3: Strength of association (measured by the correlation coefficient, phi coefficient, or contingency coefficient,
depending on the item). Moderate, low, and high associations were considered.
V4: Relationship between context and prior belief: The association suggested by the context of the problem and the
empirical association presented in the table sometimes coincided (theory agreeing with data), at other times did not
(theory contradicting data), and in some items the context was unfamiliar to the students.

Table 1 shows the design of the questionnaire for which we tried to select a representative sample of the
possible situations, properties, and representations defining the meaning of association for the teaching level
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and approach chosen for our research. Table 2 shows that Item 1 is a 2x2 contingency table in which there
is empirical independence in the data presented, although this could contradict student's theories about a
direct association between the variables. The percentage of correct answers for each item for the sample of
213 students is included in the botton row of Table 1.
Table 1: Values of the task variables and percentages of correct answers by item
CONTINGENCY TABLES
SCATTER PLOTS
TWO SAMPLES
2x2 Tables
rxc Tables
Variable
Item 1
Item 2
Item 3
Item 4
Item 5
Item 6
Item 7
Item 8
Item 9
Item 10
V2
IndepenInverse
Direct
Direct
IndepenIndepenInverse
Direct Significant
Not
dence
dence
dence
significant
V3
0
-0.44
0.67
0.37
0. 1
0.11
-0.77
0.55
t=3.3
t=1.5
V4
Theory
Theory
Unfamiliar Theory
Unfamiliar Theory
Theory Unfamiliar Theory
Theory
contradicted agreeing
context
agreeing
context contradicte agreeing context agreeing contradicte
with data
with data
d
with data
with data
d
%
39.4
50.7
90.1
87.3
60.6
83.1
85.4
21.6
83.8
73.76
correct

For each item, we analyzed the type of association perceived by the students (direct association, inverse
association, or independence). In addition, the students' written responses to the questionnaire were studied.
After successive revisions, a scheme was developed for classifying students' problem-solving strategies,
which were analyzed using correspondence analysis (Greenacre, 1990), as described in Batanero, Estepa, &
Godino (1995). Because factor analysis of students' answers to the complete questionnaire showed a
multidimensional structure, a generalizability study (Brennan, 1983) was conducted instead of computing
an internal consistency index. We obtained a generalizability index of G = .86 as a measure of the
possibility of extending our conclusions to the hypothetical item population and another generalizability
index of G = .94 for the subjects' population.

Initial strategies
The classification of the students' strategies, with respect to a mathematical point of view, allowed us to
identify some intuitively correct strategies, which pointed to correct or partially correct conceptions
concerning statistical association. Below we list these strategies that have been described in further detail in
Batanero et al. (1996) and Estepa & Batanero (1996).

Correct strategies
S1: Comparing either the conditional relative frequency distribution of one variable, when conditioned by
the different values of the other variable, or comparing these conditional distributions and the
marginal relative frequency distribution in contingency tables.
S2: Comparing either the frequencies of cases in favor of and against each value of the response variable
or the ratio of these frequencies in each value of the explanatory variable in 2xc or 2xr contingency
tables, where r is the number of rows and c is the number of columns in the table.

193

C. BATANERO, A. ESTEPA, & J. GODINO

S3: Using the increasing, decreasing, or constant trend of points in the scatterplot to justify the type of
association (negative, positive, or null).
S4: Using means for comparing the distribution of one variable in two different samples.

Partially correct strategies:
S5: Comparing either the conditional absolute frequency distribution of one variable, when conditioned by
different values of the other variable, or comparing these absolute conditional distributions with the
marginal relative frequency distribution in contingency tables.
S6: Comparing the scatterplot with a given linear function to incorrectly argue lack of association
between the variables if the relationship was not linear.
S7: Computing the difference of values in paired samples and studying the sign of these differences
without reaching a conclusion.

The following common incorrect strategies frequently used by students have also been established.

Incorrect strategies:
S8: Using only one cell in contingency tables, usually the cell of maximum frequency.
S9: Using only one conditional distribution in contingency tables.
S10: Incorrect interpretation of the relationship in scatterplots from isolated points.
S11: Interpreting the existence of spread in the scatterplot as no association, because for some x values
two different y values occurred.
S12: Considering that there is no dependence when, in spite of having high association, there is more than
one explanatory variable.
S13: Comparing only isolated values in two samples to deduce the existence of differences.

The detailed analysis of these incorrect strategies and the type of association judgments obtained from
them was used to identify the following incorrect conceptions.
Determinist conception of association: Some students did not admit exceptions to the existence of a
relationship between the variables. They expected a correspondence that assigned only one value in the
response variable for each value of the explanatory variable. When this was not so, they considered there
was no association between the variables. For example, some of these students argued that cells out of the
diagonal in a 2x2 contingency table ought to have zero frequency. In scatterplots, they expected no spread
and sometimes they even looked for an algebraic equation relating the two variables.
Unidirectional conception of association: Some students perceived the association only when the sign
was positive, considering the inverse association as independence.
Local conception of association: Students often used only part of the data provided in the item to form
their judgment. If this partial information served to confirm a given type of association, they believed that
was the type of association in the complete dataset. In contingency tables, this partial information was often
reduced to only one conditional distribution or even to only one cell, frequently the cell for which the
frequency was maximum.
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Causal conception of association: Some students only considered the association between the variables
if this could be attributed to a causal relationship between them.
DESIGN OF A DIDACTIC SEQUENCE FOR TEACHING ASSOCIATION USING
COMPUTERS: TASK VARIABLES IN STATISTICAL PROBLEM SOLVING
The teaching of association was part of an introductory statistics course at the university level. Different
instructional methods for improving these courses have been tested, in particular computer-assisted
instruction and a problem-oriented statistics course, where the emphasis is placed on having students solve
real-life problems. This may result in statistics being more interesting to the students if we take advantage of
their interest in the problems that statistics can solve (Willet & Singer, 1992).
The students in this study are studying to be primary teachers. Different authors (e.g., Hawkins, 1990)
have discussed the difficulty of training teachers to teach statistics. Statistics is evolving into a "data science"
with close relations not only to mathematics but to both computer science and its fields of application.
Unfortunately, only a small minority of mathematics teachers have experienced statistics from this "practical
perspective" (Biehler, 1990).
As pointed out by Steinbring (1990), in general education it is unimaginable to teach statistics as a
discipline independent of school mathematics. Teachers tend to compare statistics and its feasibility for
their own teaching with the methods, solutions, and patterns of reasoning of other mathematics topics.
However, statistics requires more from the teacher than mathematical knowledge. These additional
requirements include organizing and implementing projects, encouraging work and cooperation between
students, and understanding graphical representations, computation, and so forth, not as didactic tools, but
as essential statistical means of knowing. Additionally, modern computers have revolutionized the view of
what statistical knowledge is, so that students also need to learn to use software for statistical problem
solving. (Biehler, 1994). New representational and data analysis possibilities, together with the wider range
of problems that computers allow, introduce changes in the meaning of the statistical concepts and
procedures students should learn.
For this study, these considerations were taken into account when organizing the teaching, which
comprised 21, 1.5 hour sessions. Seven of these sessions were held in the computer laboratory, in which the
students worked on computers to solve problems. The planning of the teaching included the selection of
the topics to be taught, the preparation of the software and data files, and the selection and sequencing of
problems to be solved during the computer sessions. Although the content of the course was broader in
scope, we centered the research on the topic of association. This topic has received scarce attention from
mathematics educators, in spite of its relevance; however, some research on teaching strategies for solving
specific types of correlational problems has been conducted by psychologists (Ross & Smith, 1995).
Content of the study program
The content included the fundamentals of descriptive statistics and used an exploratory data analysis
approach. That is, we adopted a "multivariate perspective," even though only univariate or bivariate
techniques were taught at a formal level. Therefore, students explored data files with the support of
interactive computer software, and the statistical tools were combined with the possibility for selecting data
subsets. The specific statistical contents were the following:
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1.
2.

3.
4.

5.
6.

Random and deterministic experiments. Statistics and its applications. Use of computers in applied
statistics and in teaching.
Population and samples. Random sampling. Measurement scales. Type of variables: nominal, discrete,
continuous. Data: obtaining data, organizing data, design of a data file. Exploratory approach to data
analysis.
Frequency, cumulative frequency, grouping data. Graphical representation: bar chart, pie charts,
histograms, stem and leaf, graphical representation for cumulative frequencies.
Parameters and statistics. Location: Mean, mode, median; Spread: variance, standard deviation,
mean deviation, variation coefficient. Order statistics: percentiles, ranges, quartiles, box plots,
skewness and kurtosis.
Two-dimensional statistical variables: contingency tables, type of frequencies, conditional and
marginal distribution. Association and independence in contingency tables.
Statistical association in numerical variables. Covariance and correlation. Linear regression.

Statistical software
Biehler (1994) and Shaughnessy et al. (1996) have carefully analyzed the available software as well as
the ideal requirements of software to facilitate the teaching and learning of statistics. However, they also
recognize that in many schools computers and modern software are still not available. When this study was
conducted, there was not much didactic software for Spanish-speaking students, so the statistical package
PRODEST was prepared by the research team as part of a previous project for teaching statistics with the
help of computers. Although this software had rather limited capability compared to modern statistical
packages, it included all the tools needed in a course of exploratory data analysis at the university level-frequency tables and graphical representation for grouped and nongrouped data, computation of statistics,
stem and leaf and box and whiskers plots, cross tabulation, linear regression, and correlation. In addition,
data file facilities and possibilities of selecting parts of a dataset were available.
Data files
In choosing a dataset suitable for the classroom, we wanted a domain that was familiar to the student and
sufficiently rich to ensure that questions of didactic interest would arise. The first dataset was collected by
the students, using a survey administered to their companions, following the model suggested by Hancock,
Kaput, and Goldsmith (1992): The class of students identified a problem of interest and with the help of the
teacher decided on a plan to collect and analyze the data that would help them solve the problem.
It was not possible to show the students all the different statistical procedures using only their files,
because collecting their own data was very time-consuming. Thus, other datasets were provided by the
teacher. Education, biology, psychology, and physical education were used as the specific contexts for the
problems presented in five different datasets.
Classification of problems
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In this teaching experiment, it was necessary to analyze the sequencing of traditional lessons and
laboratory activities to ensure that the learning of statistics was not mainly focussed on learning to use the
statistical package. The activities in the computer laboratory sessions were classified into the following three
modalities:
Discovery, using experimentation and simulation, of some mathematical properties of the distributions
or their statistics, such as the convergence of the frequency polygon to the density function by increasing
the number of cases and subdividing the intervals.
Proposing questions from a dataset. One main difficulty posed to the statistician in the analysis of the
data provided by a user is that often the person who has collected the observations does not know what can
be obtained from them. We asked the pupils to propose questions concerning each file to make the students
reflect on the kind of problems that statistics can help solve.
Data analysis problems. An adequate sequencing of this problem is an effective learning tool and a
source of motivation for the student. Stanic and Kilpatrick (1989) indicated that the role of problemsolving in the mathematical curriculum has been characterized within three modalities--as a context to reach
other didactic goals, as a skill to be learned, and as an art of discovery and invention. We intended that all
these roles would be required in solving the data analysis problems.
Task variables in the data analysis problems
Once the data files were designed and the content to be taught was specified, the next step was to choose
a representative sample of the population of problems concerning statistical association to provide a
meaningful learning environment for our students. In the selection of such a sample (57 problems for the 7
sessions), the following task variables (Godino, Batanero, & Estepa, 1991) were considered:
TV1: Total number of statistical units: With few cases, the student may visually obtain a first idea of the characteristics
of the variables. From this she/he can deduce, a priori, the most adequate type of analysis for any question considered.
This is more difficult with a high number of records, where the probability that a student might modify his/her initial
strategy of analysis, as a consequence of the first results obtained, grows.
TV2: Number of statistical variables in the problem and in the file. Both affect the complexity of the analysis situation,
because the number of comparisons between variables (association studies) or selections of parts of the data files (study
of conditional distributions) grows with the square of the number.
TV3: Type of statistical variables: Qualitative (either dichotomous or not), discrete, and continuous.
TV4: Characteristics of the frequency distribution, in particular:
•
Central position values: whether we deal with data from only one population, or whether the
distribution is a mixture of several populations (multimodality).
•
The amount of dispersion and whether this dispersion is a function of another variable or not.
•
The shape of the distribution (symmetrical or not). Many statistical procedures based on the
•
normal distribution cannot be applied to heavily skewed distributions, unless there is a
•
suitable transformation of the variable.
•
Possessing outliers: Asymmetrical distributions make the graphic representation difficult and
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are best analyzed using order statistics.

All of these circumstances affect the complexity of the problem of judging association. In traditional
teaching, the calculation of the regression line and the correlation coefficient, by hand or with a calculator,
is usually the only activity. Due to the time necessary for training the students in computational methods,
only a few examples, chosen to present a good correlation with few data, were solved. However, in practice,
this procedure is not always appropriate. Quantitative complexity is inherent in statistics, and there are many
statistical concepts and methods for describing the relation of two variables, thus extending the traditional
concept of function. With the time saved by computation and graphical representation because of the
availability of computers, the teaching was designed to allow the student to meet all these different
situations, thus enriching the meaning of association that was offered to the students, where the meaning of
a mathematical concept was interpreted according to Godino & Batanero (in press).
CHANGES IN STUDENTS' STRATEGIES AND CONCEPTIONS AFTER INSTRUCTION
As suggested by Shaughnessy (1992), researchers in statistics and mathematics education are natural
interveners. Because our task is to improve students' knowledge, we not only observe students' difficulties
with stochastic reasoning, but we wish to assess the changes after instruction. Therefore, at the end of the
teaching period, a parallel version of the questionnaire was administered as a post-test to the students in the
experimental sample to assess whether their misconceptions and incorrect strategies had been overcome.
Tables 2-4 show the cross-tabulation of the strategies in each type of item (contingency table,
scatterplot,and comparison of two samples) in the pre-test and the post-test. These tables show the
improvement in the students' strategies in both contingency tables and scatterplots. The number of correct
strategies changed from 17 to 31 in contingency tables (see Table 2) and from 20 to 33 in scatterplots (see
Table 3); the number of incorrect strategies changed from 33 to 18 in contingeny tables and from 26 to 13
in scatterplots.
Table 2: Evolution of strategies in contingency tables
Strategies in pretest
Incorrect
Partially correct
Correct
Total

Incorrect
4
13
1
18

Strategies in post-test
Partially correct
Correct
18
11
21
11
7
9
46
31

Total
33
45
17
95

Table 3: Evolution of strategies in scatterplots
Strategies in pretest
Incorrect
Partially correct
Correct
Total

Incorrect
7
0
6
13

Strategies in post-test
Partially correct
Correct
7
12
1
10
3
11
11
33
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11
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However, there was no improvement after the instruction in the comparison of two samples (see Table 4).
Note also that although many students changed from incorrect strategies in the pre-test to partially correct
or correct strategies in the post-test, other students with correct strategies in the pre-test used incorrect
strategies in the post-test.
Table 4: Evolution of strategies in the comparison of two samples
Strategies in
pre-test
Incorrect
Partially correct
Correct
Total

Incorrect
1
4
3
8

Strategies in post-test
Partially correct
Correct
1
1
9
7
5
7
15
15

Total
3
20
15
38

Moreover, the changes were not homogeneous--neither in items nor in different students. Table 5 shows
this variability. In Table 5, a value of +1 was assigned to the students who, having continued in the post-test
with the same type of strategy they used in the pre-test, used a more complete procedure (a value of -1 was
given if they used a less complete procedure). For example, if a student changed from strategy S8 (using
only one cell in contingency tables) to strategy S9 (using only a conditional distribucion) she/he changed
to a more complete strategy, even though the strategy still was wrong, because she/he used two or more cells
in the table, instead of just one cell. A value of ±2 was assigned if they changed from an incorrect to a
partially correct strategy or from a partially correct strategy to a correct strategy (or vice versa). Finally, ±3
points were assigned when changing from incorrect to correct strategies (or vice versa). Table 5 shows that
there was a general improvement from pre-test to post-test, because the total is positive. We can also observe
the range of variability in the students' marks (from -5 in Student 17 to +13 in Student 10) and in different
problems (from -9 in Item 9 to +37 in Item 6).
There were no improvements in the following items: (1) Item 2, an inverse association in a 2x2 table; (2)
Item 3, a direct association in a 2x2 table, in which the students obtained a high percentage of success in the
pre-test, and (3) Item 8, in which the correlation was due to concordance and not to causal influence.
Finally, in Items 9 and 10, which concerned the comparison of two samples, there were no changes.
Although in the practical sessions the students implicitly worked on the comparison of two samples, they
were not introduced to the formal study of statistical procedures to assess the differences in related and
independent samples, which might explain the lack of improvement. A notable improvement was noticed in
the remaining items. In particular, students clearly identified independence after instruction (Items 1 and 6)
and extended the use of correct strategies in 2x2 contingency tables to rxc tables (Items 4 and 5).
Regarding the judgment of association, most students overcame the deterministic conception of
association, accepting random dependence. The local conception of association was also eradicated as the
students noticed the importance of taking into account the complete dataset to evaluate association. Most
students used all the different conditional distributions in the contingency tables, and gave up the additive
procedures, using multiplicative comparison of the different frequencies in the table instead.
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Table 5: Evolution of strategies from pre-test to post-test in the different items and students

Student
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
Total

Contingency tables
Scatter plots
Two samples
Item 1 Item 2 Item 3 Item 4 Item 5 Item 6 Item 7 Item 8 Item 9 Item 10 Total
1
0
1
2
0
2
2
-3
2
-2
5
2
-2
2
2
2
2
2
-2
0
-2
6
3
1
3
0
2
0
2
-3
-3
-3
2
3
2
2
-2
0
0
0
0
-2
-2
1
3
-2
-2
2
2
3
0
-2
0
0
4
2
-2
-2
3
-2
2
2
0
-2
1
2
-1
3
2
2
-2
2
0
3
-2
2
9
0
-2
0
1
2
0
3
0
-2
0
2
3
2
2
2
2
0
0
-3
0
0
8
2
0
0
2
2
2
0
3
0
2
13
0
-3
-2
3
3
2
0
2
2
3
10
1
1
1
0
2
3
-3
0
-2
0
3
2
0
0
2
-1
2
-2
2
0
0
5
3
2
1
0
2
2
0
-3
0
1
4
0
-2
-2
0
0
3
0
0
-2
2
-1
3
-2
-2
1
2
3
3
2
0
0
10
0
-2
-2
-2
2
3
-3
2
0
-3
-5
-1
2
-2
0
0
3
0
0
2
2
6
2
0
0
0
0
3
3
2
0
-3
7
28
-8
0
18
18
37
9
0
-9
-2
91

The unidirectional conception of association was corrected only by some students, while others
continued considering the inverse association independence. Finally, there was no improvement at all
concerning the causal conception of association. Most students did not realize that a strong association
between two variables is not enough to draw conclusions about cause and effect. Therefore, they argued
that there was independence in Item 8, in which the correlation was due to concordance between two
classifications and not to causal influence between the variables. The theoretical study of the relationships
between correlation and causality during the teaching was insufficient to change the students' conceptions.
As pointed out by Vergnaud, "It is essential for teachers to be aware that they cannot solve the problem of
teaching by using mere definitions, however good they may be; students' conceptions can change only if
they conflict with situations they fail to handle" (Vergnaud, 1982, p. 33). Consequently, we believe there is
a need to find new practical activities that help students more deeply reflect on and accommodate their
views.
ANALYSIS OF THE LEARNING PROCESS FOR A PAIR OF STUDENTS:
ACTS OF UNDERSTANDING STATISTICAL ASSOCIATION
To complete our study, a pair of students was observed throughout their work in the laboratory sessions
to trace their learning process. As remarked by Biehler (1994), when working with the computer, an
adequate solution to statistical problems is only found through a feedback process with the specific
problem and data. The students do not just choose an algorithm, they have more freedom because they
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have a system of options available that they can combine and select according to their strategies and partial
solutions when solving the problem.
A member of the research team observed the students' work, gathering their written responses to the
different problems. This observation also included the recording of their discussions and of their
interactions with the teacher and the computer (Batanero & Godino, 1994). These students were also
interviewed at the beginning and at the end of the experiment. When we studied in detail the observations
made on these students, some recurring difficulties related to the idea of association were identified. Some
of the difficulties were finally solved, either by the students themselves when discussing and looking at the
results of several computer programs, or with the teacher's help, although these difficulties reappeared from
time to time. At other times the difficulty was not solved, in spite of the teachers' explanations. Occasionally,
the teacher did not understand the students' confusion.
In the following, we describe the learning process of these students, commenting on nine key elements
of the mathematical meaning of association (Godino & Batanero, in press). We found evidence in our data
that students' understanding of these elements seemed to develop at specific moments in time throughout
the understanding process. These elements are essential for the student to reach a "good understanding" [in
the sense described by Sierpinska (1994)] of association .
1. The comparison of two or more samples for studying the possible relationship between two variables has to be made
in terms of relative frequencies.

Although the above is true, the students compared the differences using absolute frequencies of the same
variables in two samples during the first session. This mistake was commented on by the teacher at the end
of that session. The same incorrect procedure appeared again in sessions 2, 3, and 5, although afterwards
the students seemed to overcome this difficulty.
2. The existence of differences in the same variable among two or more samples must be deduced from the comparison
of the complete distribution in the different samples.

It is not sufficient to find local differences, but rather the association should be deduced from the
complete dataset. In spite of this, the students started solving the problems by comparing isolated values in
the two samples. For example, they only compared the values with maximum and minimum frequencies in
both samples in the first session. Although these differences pointed to a possible association, they were not
sufficient to quantify its intensity. This difficulty reappeared in sessions 2 and 3 and finally disappeared.
3. From the same absolute frequency in a contingency table cell two different relative conditional frequencies may be
computed, depending on which is the conditioning variable. The role of condition and conditioned in the conditional
relative frequency is not interchangeable.

Falk (1986) and other authors have pointed out students' difficulties in the interpretation of conditional
probabilities. Students do not discriminate between the probabilities P(AB) and P(BA). Many students in
our sample showed a similar confusion; that is, they referred to the conditional relative frequencies in the
pre-test and throughout the experimental sessions. This confusion was noticed, during session 5, in the
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students who were observed; however, these students solved it with the teachers' help. They did not show this
confusion during the rest of the sessions.
4. Two variables are independent if the distribution of one of these variables does not change when conditioning by
values of the other variable.

Until session 5, the students did not discover that a condition for independence is the invariance of the
conditional relative frequencies distribution when varying the value of the conditioning variable.
5. The decision about what size difference should be considered to admit the existence of association is, to some extent,
subjective. It is difficult to obtain either perfect association or independence. The problem of association should be set in
terms of intensity instead of in terms of existence.

Although the students had not studied hypothesis testing, in session 5 they discovered that judging
association implies making a decision about whether to attribute small differences to sampling fluctuation
or to real association between the variables. They also realized that there are different grades of association,
from perfect independence to functional relationship.
6. When studying association, both variables play a symmetrical role. However, in the regression study, the role played
by the variables is not symmetrical.

The fact that correlation ignores the distinction between explanatory and response variables, while in
regression this difference is essential (Moore, 1995), caused much confusion for the students. When they
needed to select the explanatory variable for computing the regression line (in sessions 5, 6, and 7), they
did not know which variable ought to be chosen. For example, when computing the regression line between
height and weight, the students were misled by the fact that there was a mutual dependence of the two
variables. A great amount of discussion followed in which the students were not capable of solving this
confusion. The teacher did not notice the problem and finally, the students computed the regression lines
by choosing the explanatory variable at random. At the end of the teaching period, these students had not
discovered that two different regression lines can be computed.
7. A positive correlation points to a direct association between the variables.

Although in session 6 the students could interpret the size of the correlation coefficient, they did not
discuss the type of association (direct or inverse). At the end of the session, they noticed that when the
correlation coefficient is positive and there is a linear relationship, the variables are positively associated and
above-average values of one tend to accompany above-average values of the other. However, they did not
explicitly use the term "direct association."
8. A negative correlation points to an inverse association between the variables.

When (in session 6) the students first encountered a negative correlation coefficient, they were so
surprised that they asked their teacher if this was possible. They also had trouble when comparing two
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negative correlation coefficients. The students knew that a negative number with a high absolute value is
smaller than a negative number with a low absolute value. However, a negative correlation coefficient with a
high absolute value points to a higher degree of dependence than a negative correlation coefficient with a
lower absolute value. This fact caused much misinterpretation for the problems in which a negative
correlation occurred. Therefore, the knowledge of the properties of negative number ordering acted as an
obstacle to dealing with negative correlation.
Although with the teachers' assistance the students observed that a negative correlation coefficient
corresponded to a negative slope of the regression line and that this meant that the y value decreased when
increasing the x value, they did not explicitly use the term "inverse association." They never did differentiate
between the two types of association, even at the end of the sessions.
9. The absolute value of the correlation coefficient shows the intensity of association.

Although the students related the high absolute value of the correlation coefficient with the intensity of
association, they did not relate this idea to the spread of the scatterplot around the regression line.
THEORETICAL AND METHODOLOGICAL CONSEQUENCES OF THIS RESEARCH
We believe that the demand for statistics education, linked to the availability of computers, is going to
increase the interest in research on these topics in the years to come. The possibilities for multiple linked
representations in dynamic interactive media is a major potential for new ways of learning and doing
mathematics (Kaput, 1992). However, there is a danger that students will no longer do any significant
statistical thinking but will spend most of their time learning to use the software. It is also necessary to take
into account the relevant influence of the teacher and the context in the students' learning. As this research
has shown, it is not enough for the student to solve realistic problems of data analysis using statistical
software in order to acquire a good understanding of conceptual mathematical objects.
We have reported the resistance of some misconceptions concerning statistical association for some
students, based on the results from a teaching process based on the intensive use of data analysis packages.
The observation of the learning process of a pair of students also revealed the complexity of the meaning
of association, which should be conceived as a composed entity (Godino & Batanero, in press) and whose
elements have to be studied. Each of these elements of meaning needs to be contextualized in adequate
problematic situations, helping students to develop conceptual tools for solving statistical problems and to
grasp a more complete meaning of association.
We have also discussed some specific task variables of the descriptive study of association problems,
showing the diversity of association problems. The systematic study of the specific variables of the data
analysis problems is another point to be undertaken by researchers in statistical education, to enable
teachers to design didactic situations that ease the acquisition of statistical concepts and procedures and the
development of students' problem solving capacity.
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16. COMPUTER SOFTWARE IN STATISTICS EDUCATION:
STUDENT VIEWS ON THE IMPACT OF A COMPUTER PACKAGE
ON AFFECTION AND COGNITION
Gilberte Schuyten and Hannelore Dekeyser
University of Gent

The Data Analysis subdepartment of the department of Psychology and Educational Sciences is
conducting several studies focus on the use of computers in statistics learning. One project investigates the
computer as a learning environment for statistics. In an experimental setting, three different learning
conditions are studied: computer-based independent learning, pen-and-paper-based independent learning,
and lecture-based learning. The results of this research were presented at ICOTS IV Marrakech (Schuyten,
Dekeyser, & Goeminne, 1994).
A second project focuses on student characteristics; that is, individual differences in dealing with verbal
explanations, graphical displays, and formula. Their impact on the learning of statistics is investigated. In
this study, the computer is used not only as a research tool to register the activities of the students in
logfiles, but also as a didactic tool to explore the possibilities of computer-based materials for
differentiation and individualization. Some findings were presented at ISI in Beijing in August 1995
(Schuyten, Goeminne, & Dekeyser, 1995).
A third project, discussed here, focuses on the added value of standard scientific computer packages.
The added value of these packages to the traditional course (consisting of lectures and pen-and-paper
exercises) is discussed. Students' views on the impact of the computer package on affection and cognition
are collected with a structured questionnaire.
INTRODUCTION
The role of computer technology in education was and still is a much debated topic. Computers provide
us with the opportunity to create entirely new learning environments for our students. Computers can be
used in statistics education in many ways. They can be used as an illustration component in lectures, as a
computation tool, as an electronic interactive textbook, as a research tool, and as a medium for thinking.
Many presentations at the ICOTS and IASE meetings have emphasized the benefits of computers in
statistics education. In the early 1980s, Taylor (1980) added a third category "Tutee" to the well-known
categories of "Tool" and "Tutor.” Tutee refered to the capacity of the computer to emphasize
metacognition and to stimulate reflection on the learning processes. Now not only the use of computers to
conduct exploratory data analysis (EDA) is emphasized, but also the ability of computers to provide
multiple representations for stochastic information, particularly the graphical abilities of computers. Thus,
computers provide both an exploratory aspect and a representational aspect (Shaughnessy, 1992). The
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requirements for an ideal software tool for supporting learning and doing statistics are given by Biehler
(1993).
What about computer software in applied statistics courses for humanities and social sciences students?
Not only do we want our students to learn statistics, but also we want them, as potential future users, to learn
how to use a professional statistical package. In Flemish universities and at the Department of Psychology
and Educational sciences, SPSS is generally accepted as a special purpose tool for doing statistics. The
reasons for this are twofold: (1) students will use SPSS later in their careers; this will be true for those
conducting research as well as for those in other professions where more and more data analysis is needed;
and (2) technology is used as an amplifier; that is, it provides students more practice in less time, because it
takes the burden of computing away from them.
STATISTICAL SYSTEM FOR DATA ANALYSIS AS A
COGNITIVE TECHNOLOGY FOR STATISTICS EDUCATION
The use of a statistical system for data analysis not only affects student skills in handling the program
but also their competence in statistics. It acts as a concrete tool and as "a representation and an object to
think with" (Biehler, 1993, p.179). Following Pea (1987), "a cognitive technology is any medium that helps
transcend the limitations of the mind (e.g., attention to goals, short-term memory span) in thinking,
learning, and problem-solving activities" (p. 91). The ability to make external the intermediate products of
thinking offers the possibility to analyze, to reflect on, and to discuss the thinking process.
In order to assess existing software and to guide assignments for computer workshops, the taxonomy of
functions of educational technologies in mathematics education, as proposed by Pea, are also useful in
statistics education. He distinguishes purpose functions, which may affect whether students choose to think
mathematically, from process functions, which may support the component mental activities of
mathematical thinking. Pea (1987) sees three purpose functions that could help strengthen intrinsic
motivation: (1) the student has ownership of the problem, (2) learning events should be viewed as
opportunities for acquiring new understanding and thus promote self-worth, and (3) knowledge for action,
which means that knowledge should empower students to understand or do something better than they
could prior to its acquisition. The five process functions dealing with the cognitive support provided to
thinking include: (1) tools for developing conceptual fluency, (2) tools for mathematical exploration, (3)
tools for integrating different mathematical representations, (4) tools for learning how to learn, and (5)
tools for learning problem-solving methods. In assessing software for students enrolled in applied statistics
courses, the purpose functions are of special interest, because those students are heterogeneous in terms of
their mathematical background, most are not oriented towards the positivist paradigm emphasizing
empirical quantifiable observations (Schuyten, 1991), and most lack confidence in mathematical thinking.
Small project work on data concerning themselves could affect the students’ ownership; that is, the success
in running a program could affect their self-worth and empower them.
As for the process functions, the first, third, and fourth are particularly interesting in assessing
professional software. In considering the first process function (conceptual fluency), the software program
frees the students from conducting tedious calculations and from the possibility of making calculation
errors, and frees up the mental resources of the students so that they can explore procedures and guide their
learning. In terms of the third process function, the value of linking multiple representations for
understanding was reported in the second study. However, a supplementary problem concerns the question:

208

16. COMPUTER-BASED AND COMPUTER-AIDED LEARNING OF APPLIED STATISTICS

"Is a statistical concept as represented in the software equivalent with that in an ordinary textbook?" This
will be discussed below using the concept of a data matrix. For the fourth process function, the program
traces students' problem solving and promotes reflective learning, the program monitors and assesses, the
program helps students to control their activities, and the program helps the students learn how to learn.
COGNITIONS ASSOCIATED WITH DATA MATRIX
In his notation-representation foundations, Kaput posits a world of mental operations, which is always
hypothetical, and a world of physical operations, which is frequently observable; these two worlds interact
(Kaput, 1992). These physical operations deal with notation systems that are sets of rules, which are
considered abstract until we decide to instantiate it using the material world (i.e., the physical medium)
(Kaput, 1992). What are the cognitions associated with a data matrix as represented in traditional textbooks
and as represented in professional software? How are these cognitions integrated? The classical notation of
the object "data matrix" consisting of rows and columns in applied statistics courses is mainly used to
display information. It is presented as a tool to organize data and as such it is connected with the object
"tabulation." Later, by studying association, the object "contingency table" is introduced. Next, by studying
differences between means of groups, the ideas of "dependent and dependent groups" become relevant. The
cognitions associated with data matrix, tabulation, cross-tabulation, and dependent and independent groups
need to be integrated. The notation systems used to express these concepts interfere, and students become
confused and often ask, "Aren't they just rows and columns? What is the difference?"
Let us illustrate this using a simple data matrix. The data matrix in Table 1 consists of 6 units of analysis
(cases) and 4 variables: sex, a question with a simple yes or no answer, pretest results, and posttest results.
Except for the first column, which contains the identification codes, the body of the table consists of
measurements. For the concept of assocation, crosstables are presented. In crosstables, the categories are the
row and column headings, and the body of the table contains the frequencies of each combination of
categories for the two studied variables. The crosstabulation shown in Table 2 still consists of rows and
columns, but their meaning is different from those in Table 1 (the data matrix), and the body of the tables
are different.
Hypothesis testing using two means (t-test) deals with two different situations: (1) the groups of
measurements are independent (Table 3; i.e., "Is there a difference between the mean of the three men and
the mean of the three women on pretest scores?") and (2) the groups of measurements are dependent
(Table 4; i.e., "Do the means of pretest and posttest scores of the six cases differ?"). For the independent
situation, pen-and-paper exercises are mostly presented as two columns of data and the rows are not
relevant; in the dependent situation, rows are relevant and the two columns are taken out of the data matrix.
The foregoing illustrates why many students have problems reorganizing the data represented in a data
matrix into representations such as crosstabs or groups of measurements or vice versa. Many students lack
flexibility in changing the view and cannot cope with different representations of the same data. However,
what is the added value of the electronic data matrix? Why should the notation of a data matrix be more
powerful in an electronic medium than in a pen-and-paper medium? Is the electronic data matrix more
flexible in changing the view?
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Table 1: The data matrix
ID
1
2
3
4
5
6

Sex
1
2
1
1
2
2

Pretest
6
4
8
5
6
7

Posttest
6
7
7
9
7
6

Question
1
0
1
0
1
1

Table 2: Contingency table of question with sex
Sex
Question
0
1

1
1
2

2
1
2

Table 3: Difference of means on pretest scores between men and women
Sex = 1
6
8
5

Sex = 2
4
6
7

Table 4: Difference of means between pretest and posttest scores
Pretest
6
4
8
5
6
7

Posttest
6
7
7
9
7
6

EMPIRICAL RESEARCH
Research design
Little is known about the educational impact of cognitive technology. Empirical testing of the
exploratory new instructional curricula that embody the various functions Pea described is necessary (Pea,
1987). Case studies, effect studies of software, and evaluation of new curricular materials in natural settings
of teaching are needed.
The applied statistics courses at the Faculty of Psychology and Educational Sciences consist of four
components: lectures, pen-and-paper exercices, an independent learning introduction module to SPSS, and
SPSS exercices. In this natural setting of a university course, it is not possible to isolate the effect of the
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software program. In order to explore the added value of computer software, a survey was conducted
concerning student perception of the impact of the software on learning and doing statistics.
The statistics curricula
The applied statistics course is a two-year course. The first-year course deals with descriptive statistics,
association, probability distributions, hypothesis testing, and estimation. The second-year course deals with
effect size, testing and estimating measures of association, nonparametric tests, and parametric tests (t-test
and one-way analysis of variance). In the first year, students get started with SPSS. The practical exam takes
place at the beginning of the second year. This practical exam focuses on minimal competence needed to
use SPSS (e.g., constructing a SPSS command using the SPSS menu, knowing how to use the glossary,
saving a textfile in the editor Review, and so forth).
In the independent learning guide for SPSS, every step of the process of analyzing data with SPSS is
based on a questionnaire that is filled out by the students at the start of the academic year. It contains
questions on motivation for enrollment and attitude towards statistics, research, and computers. Every
analysis is performed on these data and is discussed in terms of research question, hypotheses (if relevant),
and content-linked interpretation. The first year independent learning guide contains an introduction to the
computer program SPSS/STUDENTWARE and SPSS/PC+ (release 5.0), the SPSS editor REVIEW, the SPSS
Menu, the output file SPSS.LIS, data preparation (units of analysis, variables, values, construction, and entry
of the data matrix), an introduction to elementary descriptive statistics (frequency tables and statistics,
barchart, and histogram), elementary data transformation (selection, recoding), bivariate analyses (crosstabs,
regression analysis, Pearson's correlation), and plotting. The second year package deals with saving the data
matrix and data definition into a SPSS system file, and using nonparametric tests and analysis of variance.
The students
In October 1994, 550 students were enrolled in the first course: In October 1995, 388 of those 550
students were enrolled in the second course. The practical exam, administered in October 1995, was taken
by 375 of those 388 students. The questionnaire was filled out by 193 of those 388 students attending a
lecture in April 1996.
The questionnaire
Students were questioned about their perception concerning the impact of SPSS on their attitude toward
statistics and quantitative research, on self confidence, on their meta-cognitive skills, on how SPSS enhanced
their understanding of statistical concepts, and on what they perceived as the added value of SPSS as a tool
for "doing statistics." The impact of SPSS on attitude was measured by judgments made on a 5-point scale,
where 1 = Don't agree at all and 5 = Do agree totally. Students rated their perception of the positive impact
of working with SPSS on their attitude towards statistics, on their self-confidence in doing statistics, on their
interest in quantitative scientific research, and on the metacognitive skills needed to analyze the research
question, to select a procedure, and to guide and control their thinking process. The impact of SPSS on
enhancing understanding of statistical concepts was measured for 30 statistical concepts using three
response categories--promotes understanding, doesn't affect understanding, and hinders understanding.
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From the list of 30 statistical concepts, 10 concepts were considered by the authors as irrelevant for
assessing the impact of SPSS on enhancing understanding of statistical concepts taking into account the
instructional curricula. However, these 10 concepts were included to provide information concerning the
validity of the instrument. A concept was considered irrelevant if the SPSS activities did not focus on the
concept (e.g., standard deviation, critical region, and so forth) or if the SPSS activities were not related at all
to the concept (e.g., effect size, expectation, and so forth). The list was divided into two sublists--Form A
and Form B. Each student gave his/her opinion about 15 concepts, 5 of which were supposed to be
irrelevant. The variable "tool for learning statistics" was created from the 15 concepts. This variable
indicates how frequent the “promotes understanding” category was crossed in the list of 15 concepts (scale
0-15). Students were also asked to give their global opinion about the impact of SPSS on enhancing their
understanding of statistical concepts. The perceived added value for "doing statistics" was measured by 14
items to which the students could answer yes, no, or don't know. Based on these items, the variable "tool for
doing statistics" was created. Students were also asked about their most positive and negative experiences in
working with SPSS and their fluency in handling the software.
Background information
The results of the practical exam (which is graded on a scale of 0-5) administered in October 1995 are
available as well as data concerning the motivation and attitude toward statistics collected from the students
in October 1994. Because the practical exam focuses on the minimal competence needed to work with
SPSS, a score of less than 3 means that the minimum competency requirements have not been met. Only
11% of the students tested did not manage to reach that level. Based on this score, two groups of students
were formed: the high competency group with scores of more than 4 (n = 99) and the low competency
group with scores of less than 4 (n = 40). Students with a score of 4 (n = 54) were excluded from the
analysis in which high and low comptency groups were compared.
Results
The impact of SPSS on attitude toward statistics and on metacognitive skills
The results of the questionnaire administered in October 1994 indicate that the motivation of the
students to enroll in courses at the Faculty of Psychology and Educational Sciences is based more on
"helping people" [mean (M) = 3.9; standard deviation (SD) = .94; on a scale of 1-5] than on "doing
scientific research" (M = 2.6; SD = 1.32; on a scale of 1-5). The impact of SPSS on attitude toward statistics
(Table 5) was minimal (M = 2.9). The least positive impact was on stimulating interest in quantitative
scientific research (M = 2.4); that is, 54% don't agree and only 17% felt SPSS was beneficial. There was
also a small effect on metacognitive skills (see items Analyse a Question, Select a Procedure, and Control of
Thinking Process in Table 5). The highest percentage of agreement was for "select a procedure" (33%), but
this item also has a high non-agreement percentage of 39%. The most positive impact wa on attitude toward
statistics with 32% non-agreement and 28% agreement.
Analysis of variance showed significant differences between the high and low competency groups for
"statistics" (p = .012), "selfconfidence" (p = .026), and "control of thinking process" (p = .011). The means
for the high competency group were higher.
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Table 5: Questionnaire results
Note: Judgments were made on 5-point scores where 1 = Don’t agree at all and 5 = Do totally agree; Categories 1 and 2 were
collapsed into “Don’t agree” and categories 4 and 5 were collapsed into “Agree”

Item
Statistics
Self-Confidence
Quantitative Research
Analyse a Question
Select a Procedure
Control of Thinking Process

Impact
Don’t Agree

--

Agree

Mean

SD

32%
46%
54%
37%
39%
39%

40%
35%
29%
35%
28%
35%

28%
19%
17%
28%
33%
27%

2.9
2.6
2.4
2.8
2.9
2.8

1.0
1.0
1.1
1.0
1.1
1.0

Fluency in SPSS
Judgments were made on a 5-point scale concerning the students’ perception of their fluency with SPSS.
Only 23% of the students feel they can manage SPSS; 35% feel they cannot. Correlations with the
affection/conation items were all significant, and the highest was with statistics (r = .41). The correlation
between perception of fluency and the practical exam was not significant (r = .14)
Impact on understanding statistical concepts
Students were asked to indicate whether working with SPSS had an effect on the understanding of 15
statistical concepts. The categories presented were promotes understanding, doesn't affect understanding,
and hinders understanding. In Table 6, concepts are ordered following descending positive impact on
understanding, measured by frequency of the category promotes understanding. The last column indicates
the authors’ opinions concerning the relevance of the possible impact, taking into account the curricular
materials.
The positive impact on the concept of data matrix is clear; this concept is followed by frequency table,
histogram, variable, and frequency distribution. Also, an understanding of the research question is
stimulated by SPSS (51% of the students). The concepts dependent and independent variable are clarified
for 46% and 42% of the students. These findings about the impact of the software cannot be isolated from
the impact of the curricular materials associated with the software. The impact on the concept of analysis of
variance is very low, which can be explained by the fact that SPSS-work associated with this topic was done
after the survey. These findings also indicate that more SPSS-work has to be integrated into the curricular
materials concerning dependent and independent groups. The item concerning the global impact on
understanding was answered in a positive way: 59% agree that SPSS enhanced understanding, only 2% felt
that SPSS hindered understanding. The result for the variable "tool for learning statistics" is also rather
positive (M = 5.43, SD = 2.82), taking into account that 5 of the 15 concepts could be considered irrelevant
for the impact of SPSS. The impact of the software on understanding statistics is not affected by students
minimum competence skills in handling the software. The means of the low competency and high
competency groups were not significantly different.
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Table 6: Positive impact of SPSS on understanding statistical concepts
(r = relevant concept, i = irrelevant concept)
Table 6A
Data Matrix
Frequency Table
Variable
Unit of Analysis
Independent Variable
Mean
Independent Groups
Correlation Coefficient
Level of Measurement
Standard Deviation
Critical Region
Standard Error
Decision Rule in Hypothesis Testing
Analysis of Variance
Effect Size

%
94
73
69
56
42
37
32
32
30
23
18
16
14
13
3

r/i
r
r
r
r
r
r
r
r
r
i
i
i
i
r
i

Table 6B
Histogram
Frequency Distribution
Research Question
Dependent Variable
Measurement
Variable Concept
Dependent Groups
Linear Regression
Median
Probability Distribution
Significant Result
Variance
Critical Value
Expectation
Standard Score

%
73
67
51
46
40
38
34
34
30
30
27
20
18
17
15

r/i
r
r
r
r
r
r
r
r
r
i
r
i
i
i
i

Impact on doing statistics
Students were asked to indicate if in their opinion SPSS-work was positive or negative for "doing
statistics." The 14 items in Table 7 are ordered following descending positive impact on doing statistics. The
top two include "Creating a data matrix" and "Saves you from calculations." The typical software
characteristics "Error messages concerning thinking process" and "Menu-help for procedures" are
appreciated by 2/3 of the students. Other process functions supporting mental activities such as "Error
messages concerning typing," "Translating the research question into SPSS-language," and "Error messages
concerning file-management" have a rather high number of students (20%, 18%, and 17%, respectively)
expressing a negative impact on doing statistics. The underlying reason for this may be that these functions
are positive when working with SPSS, but are irrelevant when doing statistics without a computer.
Depending on how a student interprets it, he/she may answer yes or no. This could also explain the different
appreciation for "Analysing research question" (74% positive) and "Translating the research question into
SPSS-language" (52% positive). The item "Saves you from calculations," which refers to the first process
function proposed by Pea (1987; i.e., tools for developing conceptual fluency), was appreciated by 4/5 of
the students. The item "Own data," which refers to the first purpose function proposed by Pea (i.e.,
ownership), was appreciated by 73% of the students. The summing up of positive reactions produces the
variable "tool for doing statistics" (on a scale of 0-14). Student opinion concerning the impact of SPSS on
doing statistics was positive (M = 9.2, SD = 2.4, mode = 10). There was no effect of minimum competence
on "tool for doing statistics" (p = .091).
Relation between affective variables and cognitive variables
Table 8 shows that the impact of SPSS on understanding statistics is correlated with the three
metacognitive items, attitude, and selfconfidence, but it is not related with stimulating quantitative research
nor with impact of SPSS on doing statistics. The impact of SPSS on doing statistics is only related to
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attitude towards statistics (Item 1) and self-confidence (Item 2), not to metacognitive aspects (Items 4, 5, and
6). Although the students found several aspects of SPSS positive for doing statistics, this is not related to a
change in attitude towards quantitative research (Item 3).
Table 7: Impact of SPSS on doing statistics

Items
Creating a data matrix
Saves you from calculations
Analysing research question
Own data
You notice when “it doesn’t work”
Stimulates to look for errors
Error messages concerning thinking process
Menu-help for procedures
Interpretation of an output
Error messages concerning typing
Linking up theory and practice
Translating the research question into SPSS-language
Working together in the computerlab
Error messages concerning file-management

% Positive
83
81
74
73
69
69
68
68
68
62
61
52
47
44

% Negative
4
5
3
3
11
8
6
4
10
20
10
18
12
17

Table 8: Intercorrelations Between affection, conation, and cognition (n = 191)
Variable

1

2

3

4

5

6

7

8

1. Statistics
2. Self confidence
3. Quantitative research
4. Analyse question
5. Select procedure
6. Thinking process
7. Impact understanding
8. Impact doing

--

.66**
--

.42**
.50**
--

.41**
.39**
.28**
--

.40**
.38**
.21**
.69**
--

.46**
.39**
.37**
.64**
.65**
--

.23**
.19**
-.00
.28**
.31**
.29**
--

.19**
.19**
.13
.13
.17
.17
.15
--

Note: 2-Tailed Significance * = .01 **= .001
Discussion
The information provided by the students concerning the impact of the statistical software package
should be treated carefully, because (1) software cannot be isolated from curricular materials; (2) student
characteristics could clarify why some benefit and others do not; and (3) the questionnaire used here needs
to be refined and open-ended items that probe for how and why explanations should be added. Tentative
conclusions are that the software has a positive effect on understanding and doing statistics. It seems to
support the component mental activities of statistical thinking. The results concerning the idea that the
software enhances intrinsic motivation were not encouraging. Working with their own data helps the
students, but their selfconfidence was not enhanced and their attitude toward quantitative research was not
influenced in a positive way. It is rather promising that approximately 30% of the students express a
favorable change in attitude toward statistics and in metacognitive skills. Cognitions associated with the data
matrix are stimulated by the software package. The data matrix ranks first for understanding statistics and
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for doing statistics. In order to answer the questions stated above in Sections 2 and 3 (i.e., "Is a statistical
concept as represented in the software equivalent with that in an ordinary textbook?" and "Is the electronic
data matrix more flexible in changing the view?") more research and other research strategies are needed.
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17. DISCUSSION: EMPIRICAL RESEARCH ON
TECHNOLOGY AND TEACHING STATISTICS
J. Michael Shaughnessy
Portland State University

DISCUSSIONS ON "WHAT WE ARE LEARNING FROM EMPIRICAL RESEARCH"
Three issues seemed to dominate the discussions that followed the five papers presented on learning
from empirical research: (1) methodological dilemmas; (2) the complexity of the development of
graphicacy concepts in our students; that is, their ability to create and interpret graphs; and (3) the
complexity of bivariate information in tables.
Methodology
In several cases where quantitative methodologies were used, the researchers were asked to defend their
decision to adopt a methodology that quantified student thinking, and subsequently made inferences from
numerical data about how students are or are not learning. "Why did you not use interviews?" they were
asked. On the other hand, in several cases where a qualitative methodology was used, the researchers were
asked if they thought their small sample of interviews were "normal" students, or "bad" students, or whether
they felt their small sample was representative in some way of the greater picture of student thinking.
These types of questions will always accompany any research report. As researchers, we need to be up
front about why we chose a particular methodology. Naturally, it should always be the case that the
methodology used is driven by the type of research question asked. If at all possible, it might be advisable
to use several methodologies simultaneously, particularly when we are investigating student thinking and
reasoning. For example, it may be possible to supplement quantified data from student written responses or
surveys with an appropriate sample of interviews with students. In that way, we might benefit from the
strengths of detailed student responses, while also having access to a large sample of data. Several
participants suggested that in order to obtain deep, meaningful information from interviews, we may need
to probe rather aggressively, to get students to say more by asking incomplete open ended questions.
Graphicacy
Among the many issues raised with respect to graphicacy, the importance of helping students learn to
transform information from graphs, and to create their own graphs to display raw data, were among the top
priority. Boxplots were singled out as a type of graph that is very difficult for students to understand
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transform, or create themselves. The advisability of teaching boxplots to students as early as the fourth
grade, a practice that occurs in some countries, was questioned. In any case, it was thought best to introduce
boxplots in combination with other graphs, such as stem-and-leaf or histograms, and to display them
superimposed on histograms. Both boxplots and histograms are continuous displays of datasets that were
originally in a discrete format. The notion of a continuous axis is a rather complex concept, which
contribute to the difficulty that students have with understanding and/or interpreting box plots. Students
must first have some notion of a continuous number line to fully understand what the graphs are saying.
Furthermore, once displayed, the original discrete information is lost.
Bivariate data
Several papers raised issues of the difficulties that students have when making inferences from bivariate
data displayed in tables, the direction of those inferences, and the interference of beliefs about causality
between variables, as opposed to association between variables, that inevitably occur. Both sociological and
psychological beliefs come into play in looking at data given in 2x2 (or larger) contingency tables. The
mathematics of these tables is complicated for students by their poor understanding of proportional
reasoning. The improvement of student understanding of bivariate data is clearly an area that is ripe for
further research, some of which has already been begun by members of this Round Table group.
WORKING GROUP SUMMARY
In the session following the presentation of papers, the conference split into various discussion groups.
One of the groups was devoted to discussing the state of empirical research on the teaching and learning of
probability and statistics, particularly in regard to technology. The discussion ranged over an incredibly
wide area, and it is beyond the scope of this brief summary (or the capacity of this summarizer) to include
everything that was mentioned. Although there was general acknowledgment that empirical research has
shed light on some teaching and learning issues, it also became clear that such research often raises far
more questions than it answers. In this spirit, let me summarize some of the group's discussion in terms of
"where empirical research has been" and "where it might go in the future" in the area of student learning in
statistics and probability.
Where we have been
A good deal of research has occurred into students' (and now teachers') conceptions and beliefs in
probability and statistics. Included in this has been research into the use of heuristics (like
representativeness and availability), but also a recognition of many other factors that influence people's
notions of chance outcomes, such as the equally likely approach, the outcome approach, the use of casual
explanations, and competing personal beliefs about statistics and chance. Many of these explanations for
students' thinking about chance and data have been uncovered, or verified, through empirical research
studies.
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Where we may need to go
There has also been some, but not as much, empirical research into the effect of various instructional
approaches (small group problem solving, teaching experiments, and teaching statistics using technological
packages) on students' conceptions of data and chance. Results from this part of empirical research raise a
question for anyone who is interested in research in the teaching and learning of chance and data: Are we
studying "misconceptions" or are we studying "missed--conceptions"? If the latter, then methodologically,
might it be better for us to think of our students' conceptions and beliefs about chance and data as "in
transition" from one form to another? And so, wouldn't that change our entire approach to research, so that
we would concentrate more on longer range studies of students' growth in thinking over time, rather than
on documenting what students are unable to do at a particular moment in time? Long term empirical
investigations of student growth were identified as an emerging research issue.
The group noted that another emerging issue in empirical research in data and chance is students'
understanding of, and use of, graphs to represent data. Thus, some research into the use of technology, and
how computer packages can, or cannot, enhance graphical understanding was highly recommended.
A third area noted, which was quite evident during the group's discussion, was the lack of careful
attention (perhaps in teaching as well as in research) in establishing careful connections between chance and
data handling. The group's feeling was that research on students’ growth in learning and understanding
while they work on problems that can be modeled using repeated sampling might provide both a
pedagogical connection and a research connection between some of the big ideas of probability and
statistics. A good deal of discussion and interaction took place at the conference on the use of technology
to model repeated sampling problems, and to build subsequent visual representations of the data that is
obtained from sampling. A number of technological packages are now available that will allow us (as
teachers and as researchers) to construct settings that enable us and our students to build connections
between chance and data concepts. How far could students go in establishing connections between data and
chance, given the right task and a good software program?
In conclusion, the empirical discussion group suggested:
•

More long term investigations of students' conceptual growth in probability and statistics.

•

More research into students' graphical understanding in technologically rich environments.

•

More research into the growth and development of ideas involving the connections between data and chance.
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18. WORKSHOP STATISTICS: USING TECHNOLOGY TO
PROMOTE LEARNING BY SELF-DISCOVERY
Allan J. Rossman
Dickinson College

INTRODUCTION
Technology has been used as an active learning tool in Workshop Statistics, a project that involved the
development and implementation of curricular materials which guide students to learn fundamental statistical
ideas through self-discovery. Using the workshop approach, the lecture-format was completely abandoned.
Classes are held in microcomputer-equipped classrooms in which students spend class-time working
collaboratively on activities carefully designed to enable them to discover statistical concepts, explore statistical
principles, and apply statistical techniques.
The workshop approach uses technology in three ways. First, technology is used to perform the calculations
and present the visual displays necessary to analyze real datasets, which are often large and cumbersome.
Freeing students from these computational chores also empowers the instructor to focus attention on the
understanding of concepts and interpretation of results. Second, technology is used to conduct simulations,
which allow students to visualize and explore the long-term behavior of sample statistics under repeated random
sampling. Whereas these two uses of technology are fairly standard, the most distinctive use of technology
within the workshop approach is to enable students to explore statistical phenomena. Students make predictions
about a statistical property and then use the computer to investigate their predictions, revising their predictions
and iterating the process as necessary.
Although my direct experience with Workshop Statistics concerns introductory statistics courses at the
college level, the curricular materials have also been used with secondary students. Moreover, the pedagogical
approach and its corresponding uses of technology are certainly appropriate at any educational level. I use the
software package Minitab (1995) when I teach the course, but the materials are written in a flexible manner to
permit the use of other statistics packages. One can also use a graphing calculator such as the TI-83.
In this paper, I first describe this course and its accompanying textbook/workbook Workshop Statistics:
Discovery with Data (Rossman, 1996; Rossman & von Oehsen, 1997). I then provide specific examples of the
uses of technology that I list above, concentrating on the use of technology for exploring statistical phenomena
such as correlation, sampling distributions, and confidence intervals. I conclude by offering some suggestions
for research questions to be addressed regarding the role of technology in statistics education.
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OVERVIEW OF WORKSHOP STATISTICS
“Shorn of all subtlety and led naked out of the protective fold of educational research literature, there
comes a sheepish little fact: lectures don’t work nearly as well as many of us would like to think” (Cobb,
1992, p. 9).
“Statistics teaching can be more effective if teachers determine what it is they really want students to know and to do as
a result of their course- and then provide activities designed to develop the performance they desire” (Garfield, 1995, p.
32).

Workshop Statistics replaces lectures with collaborative activities that guide students to discover statistical
concepts, explore statistical principles, and apply statistical techniques. Students work toward these goals by
analyzing real data and by interacting with each other, with their instructor, and with technology. These
activities require students to collect data, make predictions, read about studies, analyze data, discuss findings,
and write explanations. The instructor’s responsibilities include evaluating students’ progress, asking and
answering questions, leading class discussions, and delivering “mini-lectures” where appropriate. The essential
point is that every student is actively engaged with learning the material through reading, thinking, discussing,
computing, interpreting, writing, and reflecting. In this manner, students construct their own knowledge of
statistical ideas as they work through the activities.
Workshop Statistics focuses on the big ideas of statistics, paying less attention to details that often divert
students’ attention from larger issues. Little emphasis is placed on numerical and symbolic manipulations.
Rather, the activities lead students to explore the meaning of concepts such as variability, distribution, outlier,
tendency, association, randomness, sampling, sampling distribution, confidence, significance, and experimental
design. Students investigate these concepts by experimenting with data, often with the help of technology. Many
of the activities challenge students to demonstrate their understanding of statistical issues by asking for
explanations and interpretations rather than mere calculations.
In an effort to deepen students’ understandings of fundamental ideas, I present these ideas repetitively. For
example, students return to techniques of exploratory data analysis when studying properties of randomness and
also in conjunction with inference procedures. They also encounter issues of data collection not just when
studying randomness but also when investigating statistical inference.
I believe that the workshop approach is ideally suited to the study of statistics--the science of reasoning from
data--because it forces students to be actively engaged with real data. Analyzing real data not only exposes
students to what the practice of statistics is all about, it also prompts them to consider the wide applicability of
statistical methods and often enhances their enjoyment of the material.
Some activities ask students to analyze data that they collect in class about themselves, but most of the
activities present students with real data from a variety of sources. Many questions in the text ask students to
make predictions about data before conducting their analyses. This practice motivates students to view data not
as simply numbers but as numbers with a context, to identify personally with the data, and to take an interest in
the results of their analyses.
The datasets do not concentrate in one academic area but come from a variety of fields of application. These
fields include law, medicine, economics, psychology, political science, and education. Many examples come not
from academic disciplines but from popular culture. Specific examples, therefore, range from such pressing
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issues as testing the drug AZT and assessing evidence in sexual discrimination cases to less crucial ones of
predicting basketball salaries and ranking Star Trek episodes.
For the most part, I cover traditional subject matter for a first course in statistics. The first two units concern
descriptive and exploratory data analysis; the third introduces randomness and probability; and the final three
delve into statistical inference. The six units of course material are divided into smaller topics--at Dickinson I
cover one topic per 75-minute class period. I begin each class by posing a series of preliminary questions
designed to get students thinking about issues and applications to be studied, and often to collect data on
themselves. Then I provide a brief overview of the major ideas for the day and ask students to start working on
the activities in the text. The text leaves space in which students record their responses.
Technology plays an integral role in this course. The text assumes that students have access to technology for
creating visual displays, performing calculations, and conducting simulations. Roughly half of the activities ask
students to use technology. Students typically perform small-scale displays, calculations, and simulations by
hand before having the computer or calculator take over those mechanical chores. Activities requiring the use of
technology are integrated throughout the text, reinforcing the idea that technology is not to be studied for its
own sake but rather is an indispensable tool for analyzing real data and a convenient device for exploring
statistical phenomena.
A variety of teaching resources related to Workshop Statistics , including information on how the course is
implemented and assessed at Dickinson College, is available on the World Wide Web at:
http://www.dickinson.edu/~rossman/ws/.
The sections below describe how Workshop Statistics uses technology in helping students to discover three
important statistical ideas--correlation, sampling distributions, and confidence intervals. Because the activities
and questions form the core of the course, I frequently cite examples below and set them off with bullets (•). I
want to emphasize that the distinctive features of these questions are that students spend class-time working
collaboratively to address these questions, recording their observations and explanations in the text/workbook
itself, and that these activities and questions lead students to discover statistical ideas for themselves, as opposed
to their being lectured to about them or presented with examples of them.
Example: Correlation
I devote two topics to the fundamental ideas of association and correlation, the first dealing primarily with
graphical displays of association and the second with the correlation coefficient as a numerical measure of
association. Preliminary questions to get students thinking about both the statistical issues themselves and some
of their applications include:
•

Do you expect that there is a tendency for heavier cars to get worse fuel efficiency (as
measured in miles per gallon) than lighter cars?

•

Do you think that if one car is heavier than another that it must always be the case that its gets
a worse fuel efficiency?

•

Take a guess as to the number of people per television set in the United States in 1990; do the same
for China and for Haiti.

•

Do you expect that countries with few people per television tend to have longer life expectancies,
shorter life expectancies, or do you suspect no relationship between televisions and life expectancy?
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Students begin by constructing a scatterplot by hand using a small example of weights and fuel efficiency
ratings of cars. They then allow technology to produce the scatterplots, and the students interpret the results
from examples dealing with marriage ages, family sizes, and space shuttle O-ring failures. In addition to
allowing students to concentrate on interpretation, using technology also frees them to focus on the concept of
association itself. At this point, students respond more knowingly to the question about whether there is a
tendency for heavier cars to get worse fuel efficiency than lighter cars. They also discover that this tendency
does not mean that heavier cars always have a worse fuel efficiency rating than lighter ones, because they can
cite pairs of cars for which the tendency does not hold.
The topic on correlation relies very heavily on technology. Students begin by examining scatterplots of
hypothetical exam scores for six classes. They classify the association in each scatterplot as positive or negative
and as most strong, moderate, or least strong. (They have studied these ideas in the previous topic.) In so doing
they fill in Table 1.
Table 1: Example of table students use for correlation lesson

negative
positive

most strong
C
E

moderate
D
A

least strong
F
B

Students then use technology to calculate the value of the correlation coefficient between exam scores in
each of these classes, recording the values in the appropriate cells of the table above (see Table 2).
Table 2: Correlation coefficients for exam score example

negative
positive

most strong
C -.985
E .989

moderate
D -.720
A .713

least strong
F -.472
B .465

Students next proceed to answer the following questions about properties of correlation by working together
in pairs and recording their answers in their work/textbook:
•

Based on these results, what do you suspect is the largest value that a correlation coefficient can
assume? What do you suspect is the smallest value?

•

Under what circumstances do you think the correlation assumes its largest or smallest value; i.e.,
what would have to be true of the observations in that case?

•

How does the value of the correlation relate to the direction of the association?

•

How does the value of the correlation relate to the strength of the association?

In this manner, students discover for themselves (and with assistance from technology) the basic properties
of correlation that instructors typically recite for them. Students use technology to produce scatterplots and to
calculate correlations in cases that lead them to see that correlation measures only linear association and that
correlation is not resistant to outliers.
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After having discovered these properties of correlation, students then use data measuring the life expectancy
and number of people per television set in a sample of countries. They use technology to examine a scatterplot
and to calculate the correlation coefficient, which turns out to be -.804. Students then address the following
questions:
•

Since the association is so strongly negative, one might conclude that simply sending television sets
to the countries with lower life expectancies would cause their inhabitants to live longer. Comment on
this argument.

•

If two variables have a correlation close to +1 or to -1, indicating a strong linear association
between them, does it follow that there must be a cause-and-effect relationship between them?

Students discover for themselves, again working collaboratively and with the help of technology, the
fundamental principle that correlation does not imply causation.
The next activity that students encounter in their study of correlation is a guessing game designed to help
them judge the value of a correlation coefficient from looking at a scatterplot. I use a Minitab macro to generate
data from a bivariate normal distribution where the correlation coefficient is chosen from a uniform distribution
on the interval (-1,1). As students execute the macro, they see the scatterplot, make their guess for the
correlation coefficient, and only then prompt the macro to reveal the actual value of the correlation. Students
repeat this a total of 10 times, recording the results in a table (see Table 3) and proceeding to answer the
following questions.
Table 3: Table used by students to enter estimated and actual correlation coefficients

1

repetition
2

3

4

5

6

7

8

9

10

guess
actual
•

Make a guess as to what the value of the correlation coefficient between your guesses for r and
the actual values of r would be.

•

Enter your guesses for r and the actual values of r into the computer and have the computer
produce a scatterplot of your guesses vs. the actual correlations. Then ask it to compute the
correlation between them; record this value below.

Students invariably guess that the correlation between their guesses and the actual values will be much lower
than it really turns out to be.
Only at this stage do I show students a formula for calculating the correlation coefficient. I present them an
expression involving products of z-scores in the hope that it will make some sense to them. Rather than have
them calculate a correlation by hand, I ask them to fill in a few missing steps in such a calculation.
Most of my students seem to catch on very quickly to the basic properties of correlation, and they need no
more than a little guidance with using the software. My hope is that they can better understand and apply the
idea of correlation, having discovered it to some degree on their own. Technology clearly plays a pivotal role in
this process.
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Example: Sampling distributions
Technology also plays a key role in helping students learn about sampling distributions in Workshop
Statistics. Three topics address this issue. The first introduces the idea of sampling in general and random
sampling in particular; the second looks at sampling distributions specifically focusing on the notion of
confidence; and the third examines sampling distributions by introducing the concept of statistical significance.
Preliminary questions to prepare students for these ideas include the following:
•

If Ann takes a random sample of 5 Senators and Barb takes a random sample of 25 Senators, who is
more likely to come close to the actual percentage breakdown of Democrats/Republicans in her
sample?

•

Is she (your answer to the previous question) guaranteed to come closer to this percentage
breakdown?

The principal role of technology in studying sampling distributions is to conduct simulations that reveal the
long-term behavior of sample statistics under repeated random sampling. I question students’ abilities to
understand simulation results and to see in them what instructors expect them to see. To address this, I always
have students perform small-scale simulations by hand before proceeding using technology.
Students first experience random sampling by using a table of random numbers to select a random sample of
10 from the population of 100 U.S. Senators. They analyze variables such as gender, party affiliation, and years
of service for the senators in their sample; their sample does not mirror the population. Students then use the
computer to generate 10 random samples of 10 senators each and analyze the results by responding to the
following questions:
•

Did you get the same sample proportion of Democrats in each of your ten samples? Did you get
the same sample mean years of service in each of your ten samples?

•

Create (by hand) a dotplot of your sample proportions of Democrats.

•

Use the computer to calculate the mean and standard deviation of your sample proportions of
Democrats.

In so doing, students discover the crucial (if obvious) notion of sampling variability and begin to consider the
critical issue of sampling distributions. Next, sample size is increased. Students have the computer generate 10
random samples of 40 senators each and then answer the following questions:
•

Again use the computer to calculate the mean and standard deviation of your sample proportions of
Democrats.

•

Comparing the two plots that you have produced, in which case (samples of size 10 or samples
of size 40) is the variability among sample proportions of Democrats greater?

•

In which case (samples of size 10 or samples of size 40) is the result of a single sample more likely
to be close to matching the truth about the population?
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With this activity, students begin to discover the effect that sample size has on a sampling distribution, an
idea to which they return often.
To study sampling distributions in the context of the notion of confidence, students take samples of 25
Reese’s Pieces candies and note the proportion of orange candies in their sample. Comparing results across the
class convinces them of sampling variability; that is, that values of sample statistics vary from sample to sample.
The students begin to notice a pattern to that variation, which is that most of the sample proportion values are
somewhat clustered together. The following question asks them to begin to think about the notion of confidence:
•

Again assuming that each student had access only to her/his sample, would most estimates be
reasonably close to the true parameter value? Would some estimates be way off? Explain.

Students then use the computer to simulate 500 samples of 25 candies. This necessitates specifying the value
of the population proportion of orange candies (I choose .45), which in turn allows students to determine how
many of the simulated sample proportions fall within a certain distance of that specified population value:
•

Use the computer to count how many of the 500 sample proportions are within ±.10 of .45 (i.e.,
between .35 and .55). Then repeat for within ±.20 and for within ±.30.

•

Forget for the moment that you have designated that the population proportion of orange
candies be .45. Suppose that each of the 500 imaginary students was to estimate the population
proportion of orange candies by going a distance of .20 on either side of her/his sample
proportion. What percentage of the 500 students would capture the actual population proportion
(.45) within this interval?

•

Still forgetting that you actually know the population proportion of orange candies to be .45,
suppose that you were one of those 500 imaginary students. Would you have any way of
knowing definitively whether your sample proportion was within .20 of the population proportion?
Would you be reasonably “confident” that your sample proportion was within .20 of the population
proportion? Explain.

Students then increase the sample size to 75 and ask the computer for 500 new simulated samples of candies.
They compare the results of this simulation to those with the smaller sample size:
•

How has the sampling distribution changed from when the sample size was only 25 candies?

•

Use the computer to count how many of these 500 sample proportions are within ±.10 of .45.
Record this number and the percentage below.

•

How do the percentages of sample proportions falling within ±.10 of .45 compare between sample sizes
of 25 and 75?

•

In general, is a sample proportion more likely to be close to the population proportion with a larger
sample size or with a smaller sample size?

In this manner, students again discover the effects of sample size and learn that larger samples generally
produce more accurate estimates. The computer simulations also enable students to check the reasonableness of
the Central Limit Theorem, because they observe the approximate normality of the simulated sample
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proportions and verify that the mean and standard deviation of the simulated sample proportions are in fact close
to those indicated by the Central Limit Theorem.
In order to study sampling distributions and the concept of statistical significance, students roll dice to
simulate defective items coming off an assembly line. The hypothetical question addressed by students is
whether finding four defective items in a batch of 15 constitutes strong evidence that the defective rate of the
process is less than one-third. Students investigate how often such results would occur by chance alone as they
roll dice to represent the manufactured items.
After combining and analyzing the dice results for the class, students use the computer to simulate 1,000
batches of 15 items each with a defective rate of one-third. They discover the idea of significance as they
answer these questions:
•

How many and what proportion of these 1000 simulated batches contain four or fewer defectives?

•

Based on this more extensive simulation, would you say that it is very unlikely for the process
to produce a batch with four or fewer defectives when the population proportion of defectives is onethird?

•

Suppose again that the engineers do not know whether or not the modifications have improved the production
process, so they sample a batch of 15 widgets and find four defectives. Does this finding provide strong evidence
that they have improved the process? Explain.

•

Now suppose that the engineers find just 2 defective widgets in their sample batch. About how often in
the long run would the process produce such an extreme result (2 or fewer defectives) if the
modifications did not improve the process (i.e., if the population proportion of defectives were still
one-third). Base your answer on the 1000 simulated batches that you generated above.

•

Would finding two defectives in a sample batch provide strong evidence that the modification had in
fact improved the process by lessening the proportion of defectives produced? Explain.

•

Repeat the previous two questions if the engineers find no defectives in the sample batch.

Technology plays an invaluable role in helping students understand the nature of sampling distributions, an
idea that they must master in order to comprehend the nature and interpretation of statistical inference.
Example: Confidence intervals
I ask students to study confidence intervals in the context of estimating a population proportion before
moving on to population means. One reason for this is that with binary variables the population proportion
describes the population completely. Thus, one can avoid complications of dealing with measurement variables
by not needing to worry about shapes of distributions or about whether one should look at the mean or median
or some other measure of center. Another reason is the simplicity of simulating long-term behavior of sample
proportions as opposed to sample means. As I describe above, one can use candies and dice to conduct these
simulations; again one need not worry about assumptions about population distributions.
Preliminary questions that students answer as they begin to study confidence intervals include:
•

If a new penny is spun on its side (rather than tossed in the air), about how often would you
expect it to land “heads” in the long run?

•

Spin a new penny on its side five times. Make sure that the penny spins freely and falls
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naturally, without hitting anything or falling off the table. How many heads did you get in the five spins?
•

Pool the results of the penny spinning experiment for the entire class; record the total
number of spins and the total number of heads.

•

Take a guess as to what proportion of students at this college wear glasses in class.

•

Mark on a number line an interval which you believe with 80% confidence to contain the actual value
of this population parameter (proportion of students at this college who wear glasses in class).

•

Mark on a number line an interval which you believe with 99% confidence to contain the actual value
of this population parameter.

•

Which of these two intervals is wider?

•

Record the number of students in this class and the number who are wearing glasses.

After presenting students with the familiar expression for constructing a confidence interval for a population
proportion, I ask them to produce a confidence interval by hand from the penny spinning data using the data
pooled together from the class experiment. Then students use the computer to simulate 200 experiments of 80
penny spins each, assuming the actual proportion of spins that land “heads” is θ = .35, and to construct a 95%
confidence interval in each case. They then answer the following as a way of discovering what “confidence”
means:
•

How many of the 200 confidence intervals actually contain the actual value (.35) of θ? What

•

percentage of the 200 experiments produce an interval which contains .35?
For each interval that does not contain the actual value (.35) of θ, record its sample proportion

•

If you had conducted a single experiment of 80 penny spins, would you have any definitive way

pˆ

of heads obtained.

of knowing whether your 95% confidence interval contained the actual value (.35)?
•

Explain the sense in which you would be 95% confident that your 95% confidence interval contains the actual
value (.35).

Students then investigate various properties of confidence intervals by having a Minitab macro to do the
calculations for them. They first examine the effect of the confidence level selected and then the effect of the
sample size used. As they use technology to address the following questions, they discover that confidence
intervals get wider as one requires more confidence and that they get narrower as one increases the sample size.
Students are asked to answer the following questions:
•

Intuitively (without thinking about the formula), would you expect a 90% confidence interval for
the true value of θ to be wider or narrower than a 95% interval? (Think about whether the need for greater
confidence would produce a wider or a narrower interval.) Explain your thinking.

•

To investigate your conjecture, use the computer to produce 80%, 90%, 95% (which you have
already done by hand), and 99% confidence intervals and record the results in this table:

confidence level confidence interval half-width width
80%
90%
95%
99%
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•

Do you need to modify your earlier answer in light of these findings?

•

How would you intuitively (again, without considering the formula) expect the width of the 95%
confidence interval to be related to the sample size used? For example, would you expect the interval
to be wider or narrower if 500 pennies were spun as opposed to 100 pennies? Explain your thinking.

•

To investigate this question, use the computer to produce a 95% confidence interval using each
of the sample sizes listed in the table. Fill in the table below:

sample size
100
400
800
1600

sample heads confidence interval half-width
35
140
280
560

width

•

Do you need to modify your earlier answer in light of these findings?

•

How does the half-width when n = 100 compare to the half-width when n = 400? How does the half-width
when n = 400 compare to that when n = 1600?

•

What effect does quadrupling the sample size have on the half-width of a 95% confidence interval?

In addition to allowing the students to explore properties of confidence intervals, using technology can free
students from computational burdens so that they can focus on what inference procedures are all about. For
example, I ask students the following to emphasize the ideas that confidence intervals only make sense when
one wants to estimate a population parameter from a sample statistic and that using confidence intervals may not
produce reasonable estimates when one starts with a biased sample:
•

Suppose that an alien lands on Earth, notices that there are two different sexes of the human
species, and wants to estimate the proportion of all humans who are female. If this alien were to use
the members of the 1994 United States Senate as a sample from the population of human beings, it
would have a sample of 7 women and 93 men. Use this sample information to form (either by hand or
using the computer) a 95% confidence interval for the actual proportion of all humans who are female.

•

Is this confidence interval a reasonable estimate of the actual proportion of all humans who are
female?

•

Explain why the confidence interval procedure fails to produce an accurate estimate of the
population parameter in this situation.

•

It clearly does not make sense to use the confidence interval in (a) to estimate the proportion of
women in the world, but does the interval make sense for estimating the proportion of women in the
U.S. Senate in 1994? Explain your answer.

When students learn about tests of significance, they use technology to discover the duality between tests and
confidence intervals. They also explore the distinction between statistical significance and practical
significance, learning the importance of using confidence intervals in conjunction with tests of significance (and
in Workshop Statistics, they use technology to do the computational work). Similarly, students use technology
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to investigate properties of confidence intervals for population means. At that point, they study the effects of
sample variability as well as confidence level and sample size.
Some might argue that instructors could simply tell students about these properties of confidence intervals
and provide them with examples, but I hope that by tackling the ideas themselves, students are better able to
understand and apply them. Some would also argue that students should investigate the properties by analyzing
the formulas and noting, for example, the effect of the square root of the sample size appearing in the
denominator. I prefer to try to instill some intuitive sense about statistics and variability in the students rather
than have them view the subject as the results of formulas. A third objection might be that students could
investigate properties as I have described but without the use of technology. Although this is certainly true, I
like to think that technology helps the student to concentrate on the substantive concepts rather than on the
numerical manipulations.
RESEARCH DIRECTIONS
The overarching research question that emerges from the Workshop Statistics project is the obvious one:
Does any of this really work? More specifically, are students’ understandings of and abilities to apply
fundamental statistical ideas enhanced by using technology to promote learning by self-discovery? I have not
designed studies to collect data on this question, but I do have some thoughts on directions that one might
pursue. I believe that the three areas that I address above--correlation, sampling distributions, and confidence
intervals--provide fruitful ground for pedagogical research.
Correlation should be a prime topic to study for at least two reasons: (1) helping students to understand ideas
related to correlation is a goal of most statistics instructors, and (2) most students of Workshop Statistics come
to discover the basic properties of correlation fairly quickly and easily. Some questions to explore include:
•

Do students who study correlation in the manner I describe above really have a firmer grasp of
its basic properties than those who study the topic in a more traditional setting?

•

Are students who encounter the distinction between correlation and causation by discovering and
explaining it for themselves more likely to apply it thoughtfully in new situations than other students?

•

Does a computerized guessing game in which students judge the value of a correlation coefficient from
a scatterplot help them to become more proficient at doing that?

The study of sampling distributions also lends itself to pedagogical research. Although I firmly believe that
computer simulations are very powerful and enlightening tools for understanding the long-term behavior of
sample statistics under repeated sampling, I question whether many introductory students really see and
understand what instructors want them to when they look at the simulation results. As I describe above, in the
hope that they will better understand the computer output, I always ask students to perform real simulations with
candies or dice or cards before they use the computer. Even so, my anecdotal impression is that although most
students seem to understand sampling distributions when they study them directly, they have much difficulty
connecting the ideas to those of confidence intervals and tests of significance when they move to those topics. I
would welcome research investigating whether students genuinely understand simulation results and whether
they make connections between sampling distributions and confidence intervals or p-values.
Confidence intervals provide a third prime topic for research. I question whether many introductory students
really understand the long-term repeated sampling interpretation of a confidence interval. More importantly, I
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would welcome efforts to study whether students who study confidence intervals with the hands-on, selfdiscovery approach that I describe above develop a better intuition for their properties or are able to apply them
more thoughtfully than others. I especially wonder whether such students are better positioned to detect
inappropriate applications of the procedure.
At a broader level, I would like to raise questions about the best way to study and evaluate pedagogical and
curricular reform. Some of the many questions that arise include:
•

How do we operationally define “more understanding” or “better results”?

•

Do observational studies and anecdotal evidence have anything to contribute?

•

Can we design controlled experiments to address the questions of interest?

•

How can the many confounding variables be controlled?

•

To what populations can findings be generalized?

•

What ethical considerations come into play?

•

What work has already been done, and what can reasonably be expected?

•

How can teachers of statistics make better decisions about which teaching/learning methods would
work best in their classrooms?

Students generally respond very favorably to this workshop approach to learning statistics. They enjoy the
productive learning environment created in the classroom, they appreciate the collection and analysis of real
data, and they like the collaborative element of their work. Most students perceive the workshop approach as
facilitating their learning. With rare exceptions, students have no trouble using Minitab after the first few class
periods, with minimal help.
As the instructor, I too enjoy the classroom learning environment, because the students are genuinely
engaged with the material at almost all times. They do not have the luxury of copying notes with the intention of
figuring things out later; they must immerse themselves in consideration of the issues during class-time. At
Dickinson, the class size is limited to 24 students, so I interact with each pair of students several times during
every class period, which allows me to identify each student’s strengths and weaknesses. I believe, anecdotally,
that they also acquire a deeper understanding of fundamental ideas, but I would welcome research that would
shed light on this question.
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INTRODUCTION
By its very nature, statistics is a computationally intensive endeavor. The hand calculation of a
correlation coefficient, such as the Pearson product moment correlation coefficient, is tedious, extremely
time consuming, and has great potential for computational error. To assist with the task and reduce the
potential for error, methods have been developed that reduce the computation to the completion of a
carefully constructed table (e.g., Moore & McCabe, 1993). With the advent of statistical packages and, more
recently, scientific calculators with statistical functions, students with routine access to such technology have
no need to master such computational procedures. Yet textbooks are now being written that promote the
use of spreadsheets to replicate such computations (Daly, Cody, & Watson, 1994), despite the fact that the
same spreadsheet, once the data has been entered, will calculate the value of the required statistic on
demand!
Why do such misuses of computer-based technology emerge? In part, at least, it is due to the general
lack of recognition that statistics, like all human intellectual activity, has always been shaped by available
technology; however, with time, the technologies “become so deeply a part of our consciousness that we do
not notice them” (Pea, 1993, p. 53). There is a tendency for the technology determined activity to achieve
an intellectual status in its own right. The construction of tables to aid with complex statistical computations
is a product of a time when the only computational technology available to statisticians was pencil and
paper, tables of logarithms, and, possibly, some form of mechanical adding machine. In that era, mastery of
such computational techniques was a necessary prerequisite for further statistical analysis which, ultimately,
was the goal. However, in the statistics classroom, the time and effort required for students to master these
computational procedures and the time taken to complete even a single computation with any sort of real
data meant that performing the computation often became an end in itself, and the process became valued
in its own right as an intellectual achievement.
Thus, while the goals of introductory statistics courses tended to emphasize understanding and
application, in practice assessment in statistics has been based on the mastery of computational procedures
such as the calculation of a t test. This may have been necessary in the past and may be of marginal but
possibly justifiable value in the present with the limited availability of computer-based technology in most
classrooms. It will, however, be totally inappropriate when, in the not too distant future, students have
powerful statistical software at their finger tips at all times, in much the same way as students in affluent
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countries have access to cheap statistical calculators today. What will be our goals then, and what role will
computer-based technology play in achieving those goals?
To answer this question, we need to look beyond the view of computer-based technology as a means of
enhancing the teaching and learning of current curricula; the end result of such activities is often no more
than a translation of what are essentially pencil-and-paper-based activities onto a computer screen, albeit
often done in an exciting and enlightening manner. As we move into an era in which computer-based
technology becomes the new pencil and paper, such developments will become of historical interest at most
(Kaput, 1992). Although there is undoubted benefit in using computer-based technology to reduce the
time students spend on statistical computation, or in using it to illustrate the Central Limit Theorem, for
example, the ultimate power in the technology lies in its ability to reshape the nature of intellectual activity
in the statistics classroom. To see why this might be, we need to look generally at the ways in which
interacting with technology of this sort has the potential to affect human intellectual performance. We will
do this by using a theoretical framework proposed by Salamon, Perkins, and Globerson (1991) which has
implications for both future classroom practice and research.
INTELLIGENT TECHNOLOGY
A key element in the theoretical framework we will use is the concept of intelligent technology; that is,
“a technology that can undertake significant cognitive processing on behalf of the user” (Salamon,
Perkins & Globerson, 1991, p. 3). At the lowest level, pencil and paper is an example of intelligent
technology. For example, in statistics we might use pencil and paper as a memory-saving device to record a
set of data values and then use it to record the steps in our hand calculation of a correlation coefficient.
Without access to such technology, such computations would be beyond the intellectual capacity of all but a
few, because having to remember the data values at the same time as mentally performing the calculation
would almost invariably lead to cognitive overload. Even with pencil and paper, such calculations require a
considerable intellectual effort on the part of the user and, in the past, have severely limited what can be
achieved in the statistics classroom. What then differentiates the new computer based technologies from the
old pencil and paper based technologies? In common with the older technologies, computer based
technologies can act as a storage device for information. However, they also have the added dimension of
being able to carry out significant processing of that information on behalf of the user, literally at the press
of a button. Data can be entered into a statistical package or statistical calculator and then stored. Once
entered, complex statistical calculations such as fitting a least squares line are routine.
Computer based technologies clearly have the potential to significantly support human intellectual
performance. Salamon et al. (1991) have suggested that, in the classroom, it is useful to think of this
support occurring in two very different ways. The first is when technology is used as a tool to amplify the
skills of students. For example, technology may be used to enable students to carry out complex
calculations that would be beyond their capabilities without the aid of the technology. The intellectual
outcomes that arise in such circumstances are termed effects with the technology.
The second involves using the technology to create learning activities that might help students develop
increased understanding or knowledge but that does not necessarily require them to have technological
support to implement this understanding or knowledge. That is, working with the technology brings about
lasting changes in the students’ cognitive capabilities. Intellectual outcomes that arise in such circumstances
are termed effects of technology. For example, consider what might happen when a student uses computer-
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based statistical software to analyze bivariate data. The software will almost certainly increase the student's
capacity to analyze the data by automating the process of, for example, constructing scatterplots, calculating
Pearson’s r, and fitting a least squares line to the data. This would be considered an effect of working with
the technology. It might also be found that, as a result of using the software in carrying out this and other
bivariate analyses, the student develops a deeper understanding and knowledge of the ideas of bivariate
analysis in general. This would be termed an effect of the technology. To examine the consequences of
these ideas for the teaching and learning of statistics, we will use the emerging technology of the graphics
calculator.
THE GRAPHICS CALCULATOR
The distinction between a calculator and a computer is no longer clear. Brophy and Hannon (1985)
stated that “in mathematics courses, computers offer an advantage over calculators in that they can express
results graphically as well as numerically, thus providing a visual dimension to work with variables
expressed numerically” (p. 61). This difference disappeared in 1986 when a programmable scientific
calculator with interactive graphics signaled the emergence of the graphics calculator.
A graphics calculator’s full functionality cannot be judged from its keyboard. Similar to a modern
computer, it uses menus to guide the user through its many and varied capabilities. Of interest to statistics
educators are the most recent graphics calculators (e.g., the TI-83) that have many of the capabilities of a
relatively sophisticated computer-based statistics package. For example, the TI-83 has the following
statistical capabilities:
•

Spreadsheet-like data entry and modification.

•

Statistical graphics: scatterplots, line graphs, boxplots (with and without outliers), histograms, and
normal probability plots.

•

Descriptive statistics: univariate and bivariate.

•

Regression models: median-median, linear, quadratic, cubic, quartic, logarithmic, exponential,
power, logistic, and sinusoidal.

•

Inferential statistics: z and t -tests (one and two sample), tests for proportions (one and two
sample), two-sample F-test, linear regression; and simple one-way ANOVA, all with associated
confidence intervals and distribution functions available in both numerical and graphical form.

The graphics calculator also has the capability of interfacing with a computer or another graphics
calculator for data exchange. It does this for a fraction of the cost of buying a computer to run the
equivalent software; for example, for the cost of a single software-equipped computer, a school could
purchase a set of 20 graphics calculators, each of which has much the same statistical capability. Thus, the
potential exists, at least in more affluent countries, for powerful statistical computing to be at the finger tips
of students at all times. This is a qualitatively different situation than what we have had to date, when
students could only be assumed to have limited access to such technology. What sort of educational
experiences will be available to students in possession of such calculators in the statistics classroom?
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WORKING WITH TECHNOLOGY: THE INTELLIGENT PARTNERSHIP
When using computer-based technology such as the graphics calculator to conduct a statistical analysis,
the potential exists for the formation of what Salamon and his colleagues have termed an “intelligent
partnership” (Salamon et al., 1991, p. 4). Potentially, such partnerships can lead to a level of statistical
performance that would not be possible without the technology. This goes beyond simply enabling the
student to carry out more difficult computations. For a partnership with technology to be “intelligent”
there must be a complementary division of labor between the user and the technology, and the user of the
technology must be mindfully involved in the task (Salomon & Globerson, 1987).
Suppose a student with access to a graphics calculator such as the TI-83 is given data on the weights and
girths of a number of trees (in this case n = 99) and is asked to investigate the relationship between the two
variables. The real world purpose of the exercise is to be able to predict a difficult quantity to measure in
the forest, such as the weight of a tree, from an easy quantity to measure, such as the tree’s girth. The data
can be either entered into the graphics calculator manually or, if already stored in electronic form,
transferred electronically. The graphics calculator stores the data in columns (called “lists” in the TI-83) as
is common to most modern computer packages; weights are stored in List 1 (L1) and girths in List 2 (L2)
(see Figure 1).

Figure 1: Graphics calculator display showing how the data are entered
Following good statistical practice (e.g., Moore & McCabe, 1993), students begin with a graphical
analysis to see whether or not the two variables appear to be related and, if so, whether or not the
relationship can be assumed to be linear. Using their knowledge of bivariate statistics, they decide that the
graphical display that is appropriate in this situation is a scatterplot. The responsibility for constructing the
scatterplot can then be passed over to the graphics calculator. However, because the graphical analysis is a
precursor to a regression analysis, students need to consider which variable is the predictor variable, because
this will be plotted on the horizontal (X) axis. In this case, tree girth will be used to predict tree weight; thus,
tree girth is entered into the calculator as the predictor variable (X) (see Figure 2a). The resulting scatterplot
is shown in Figure 2b.
From their knowledge and understanding of scatterplots, students should realize that the scatterplot is
consistent with a moderately strong positive relationship between tree weight and tree girth, but that the
relationship is clearly nonlinear. Using an appropriate data transformation, however, it is likely that the
relationship can be linearized. The computational aspects of this task would be completed by the calculator,
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although a number of transformations might be proposed and tested before an appropriate one is obtained.
The result of the linearization process, using the transformation X3 → X is shown in Figure 3.

2a.
2b.
Figure 2: Graphic calculator displays showing the setup for constructing a
scatterplot (2a) and the resulting scatterplot (2b)

3a.
3b.
Figure 3: Graphic calculator displays showing the setup for transforming data (3a)
and the resulting scatterplot (3b)
Once the linearization procedure has been conducted to the satisfaction of the users, the graphics
calculator will find the equation for the least squares line of best fit and display this line on a scatterplot (see
Figure 4). The student then has the responsibility of interpreting the information generated by the
technology and translating the information back into the language of the specific problem Remembering
that X, the calculator predictor variable, now represents girth cubed the regression equation relating the two
variables is: weight = 164.8 +.0000136 girth cubed.
The goodness-of-fit of the cubic model can be checked graphically by using the calculator to obtain a
residual plot (see Figure 5). However, it is up to students to interpret and make judgments about the residual
plot. The coefficient of determination is also available (Figure 4a), which can be used to quantify the
strength of the relationship. Again, it is up to students to interpret the results. In this case, R2 = r2 = .91, so
that 91% of the variation in tree weights can be explained by the cubic regression model.
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4a.
4b.
Figure 4: Graphic calculator displays showing regression output (4a) and scatterplot displaying the
relationship between tree weight and girth with the least squares line of best fit displayed (4b)

5a.
5b.
Figure 5: Graphical calculator displays showing calculation of residuals (although this can also be
done automatically) 5a and resulting residual plot 5b
The partnership between students and the graphics calculator just described is intelligent in that students
are mindfully engaged in the activity, and there is a complementary division of labor. In this partnership,
students take responsibility for planning and implementing the analysis but, at the appropriate times, pass
responsibility over to the technology to, for example, construct the scatterplot, or carry out the
computations required to linearize the data. A crucial aspect of the partnership is the constant monitoring
and checking of the information generated by the calculator to make sure that the solution produced is
consistent with the users' knowledge and understanding of the statistical techniques being used and the
specific problem.
With an intelligent partnership, the potential exists for the combination of the student and calculator to
be “far more ‘intelligent’ than the human alone” (Salamon et al., 1991, p. 4). For example, with access to
technology such as the graphics calculator, students have the potential to develop skills at analyzing
bivariate data, as illustrated above, that greatly exceeds what they could ever hope to achieve using pencil
and paper alone. Unfortunately, these intelligent partnerships do not appear to be self-generating, and the
challenge for teachers is to develop instructional strategies that promote their formation. It is also unlikely
that they will be realized unless students have routine access to the necessary technology, just as
professional statisticians have routine access to their computers. Finally, there is a need to reassess what is
taught, because the knowledge and understandings needed to develop an intelligent statistical partnership
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when working with technology are almost certain to differ in some significant ways from those needed for
students who will compute statistics without access to technology.
The possibility of students forming intelligent partnerships with technology in statistics gives them the
potential to work at a level in statistics that may be totally unachievable without the technology. This in
effect calls into question our traditional notions about what constitutes statistical intelligence and how it
should be assessed. Should it be measured by the statistical performance of the student working without any
technological aid, or does the possibility now arise of it being also recognized as the statistical performance
of a joint system? If we accept that a student working in an intelligent partnership with computer-based
technology is a legitimate and valued form of statistical activity, then we must consider the possibility that
appropriate assessment of statistical intelligence involves assessment of that partnership. Further, given that
in the long run almost all real world statistical activity involves the use of some supportive computer-based
technology, it could be argued that one of our prime pedagogic interests in statistics should be directed at
the task of developing instructional strategies for building and assessing the statistical intelligence of such
partnerships and not just the individual acting in isolation.
DEVELOPING UNDERSTANDING:
POTENTIAL EFFECTS OF LEARNING STATISTICS WITH TECHNOLOGY
The use of computer-based technology to provide learning experiences to help build understanding of
the concepts and ideas that underlie statistical theory has long been promoted by statistics educators as a
means of enhancing the teaching and learning of statistics (e.g., Bloom, Comber & Cross, 1985; Thomas,
1984). In Salamon et al.’s (1991) terms, this is an effect of the technology. When technology is used in this
way in the teaching and learning of statistics, its prime purpose is to provide a learning experience that will
develop statistical understandings and insights rather than just generate statistical results, although these may
be a by-product of the activity.
For example, boxplots provide a visually powerful and succinct method for displaying the essential
features of a data set and are frequently used in statistical analysis. In data analysis, having generated a
boxplot, it is a useful skill to be able to picture the general form of the dataset from which it was derived, in
particular the symmetry of the data distribution and the location of any potential outliers. Using the ability
of a graphics calculator such as the TI-83 to overlay its statistical plots, we can provide a learning
experience for students whose primary purpose is to build these connections. Using carefully selected
datasets, histograms chosen to illustrate particular aspects of data distributions can be displayed
simultaneously with their associated box plots so that students can see the relationship between the general
form of a histogram and its corresponding boxplot (see Figure 6).
Figures 6a and 6c show quite clearly the presence of a potential outlier in the histogram which can be
seen to correspond to the isolated point in the boxplot. The parts of the histograms representing the
remainder of the data are symmetric in both cases, and this is reflected in the symmetry of the
corresponding boxplots. Note that one distribution is bimodal, but this is not reflected in the box plot,
which shows the relative insensitivity of box plots to variations in the center of a distribution. Figures 6b
and 6d show how the asymmetry in the histograms is reflected in the corresponding boxplots.
The achievement of long-term effects of technology on students' understanding rests on the
fundamental assumption that “higher order thinking skills that are either activated during an activity with
an intellectual tool or are explicitly modeled by it can develop and become transformed to other or at least
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similar situations” (Salamon et al. 1991, p. 6). In this particular exercise, the expectation is that using a
graphics calculator to simultaneously display a range of histograms with their associated boxplots in a
variety of situations will help improve students' interpretive skills. Unfortunately, while this appears to be a
perfectly reasonable assumption, at present little research has been conducted concerning the effect on
understanding of working with intelligent technology and the type of technology based instructional
sequences that support the development of this understanding.

6a. A symmetric distribution with outlier

6b. A negatively skewed distribution

6c. A symmetric distribution (bimodal)
with outlier

6d. A positively skewed distribution

Figure 6: Selected histograms with corresponding boxplots simultaneously displayed
DISCUSSION AND CONCLUSION
This paper re-examined the potential of computer-based technology in statistics from the perspective of
students’ possible interactions with it to help them calculate and learn statistics. The graphics calculator was
chosen for its potential to provide students with access to powerful statistical software at a fraction of the
cost of the equivalent computer-based system. However, the conclusions drawn are hardware independent.
Using a theoretical framework (Salamon et al., 1991), we distinguished between the potential effect of
computer-based technology on statistical intelligence when a student is working in partnership with the
technology and the effect on statistical intelligence when the student is working without the aid of
technology but where the technology has been used to help support instruction. Given that most real world
statistical activity will be conducted with the aid of computer-based technology, increasing emphasis must
be given to building the sort of user/technology partnerships that will lead to optimizing the statistical
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intelligence of the partnership rather than the individual. In doing this, we should also be aware that the
skills developed will not necessarily be the same as those required to improve competence in traditional
pencil and paper based statistics.
Further, there is no reason to assume that the technology that is best for optimizing the statistical
performance of a user/technology partnership is the best technology for developing conceptual
understanding. Different learning goals require different instructional strategies and different technological
support. When using computer-based technology in an intelligent partnership, the student is concerned with
the solution of a particular problem. When using computer-based technology to develop understanding,
the particular solution is of little educational consequence--what is necessary for the acquisition of statistical
understanding is technological support that facilitates abstraction from the particular to the general.
In conclusion, although computer-based technology is not yet an integral part of the statistics
classroom, we must start preparing ourselves for the time when this will be the case. This means looking
beyond the view of what constitutes statistical intelligence when a student is using primarily pencil-andpaper activities, although possibly supported by some basic computational aid, to a view that recognizes
that, for much of the time, the student will be working in a computer environment. In this environment, it is
possible to give statistical intelligence a new meaning by recognizing the performance enhancing potential
of the technology when used in an appropriate manner. If this partnership view of statistical intelligence is
to be developed, time and energy must be used to identify and develop the knowledge and skills necessary
to help our students build these partnerships.
Finally, the instructional strategies we use with computer-based technology will depend critically on
whether our goal is statistical competence with the technology or enhanced statistical understanding as a
result of having worked with the technology. To date there seems to have been a confusion of aims and this,
coupled with the relatively short time that we have been working with the technology, explains our limited
success with computer-based technology in the classroom.
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20. HOW TECHNOLOGICAL INTRODUCTION CHANGES THE
TEACHING OF STATISTICS AND PROBABILITY
AT THE COLLEGE LEVEL
Susan Starkings
South Bank University

INTRODUCTION
During the past few decades, technological resources have become widely available for use in the
teaching of statistics. This is particularly true in developed countries; developing countries are catching up
at a slower pace. Technological resourses, such as electronic calculators and computers, play a significant
role, not only in the classroom environment but in everyday life (e.g., in supermarkets, the banking
industry, and travel agents). Above all else, the progress in computing technology has had an important
effect on statistical education. This, coupled with the pressing considerations of the requirements of
statistical courses, has resulted in changes in how statistics is taught. The recommendations made by the
Round Table Conference in 1984 are examined here by commenting on the outcomes of these
recommendations and looking at new advances in technology and their applications. Work currently being
conducted in Pakistan will be reported, as well as the implications of this for other developing countries.
THE ROUND TABLE CONFERENCE IN 1984
The recommendations made to the ISI Education Committee by the Round Table Conference on the
Impact of Calculators and Computers on Teaching Statistics (Råde & Speed, 1984) are as follows. (Note
that these recommendations are the result of much professional research that was brought together at the
conference under the chairmanship of Lennart Råde.)
1. Calculators and Computers as Statistical Tools
•

Calculators and computers must be recognized as tools of basic importance, be available to all
teachers and students, and teaching methods and syllabuses should take account of these
resources.

•

Educational authorities should be encouraged to include statistical courses that make full use of
the computers and calculators available. In all countries, it would be desirable to teach statistics as early
as possible. Real-life statistical examples should be experienced by students by the ages of 11-12
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years. In developed countries where calculators and computers are available they should be used as
companion tools in statistical instruction; in developing countries, solar-powered calculators would be
advantageous.
2. Teacher Training and Retraining
•

The training of new teachers and the retraining of existing teachers is essential so that full use
of these technologies can be successfully implemented in the classroom.

•

Computational statistics workshops, such as those organized by various national statistical
societies, should be greatly encouraged.

•

National projects such as the Quantitative Literacy Project in the USA should receive firm
backing and the results obtained should be disseminated internationally. Other countries should be
encouraged to set up similar research projects.

3. Educational Research
•

Continued research into teaching methods should be conducted to determine:
(a)

at what age and through what methods statistical concepts can be effectively learned by children,

(b)

the stage at which calculators and computers can best be introduced in the teaching of
statistics;

(c)

for what purposes calculators and computers are best suited; how developments in technological
resources change statistical courses and syllabuses.

•

To what extent does program writing aid the logical and quantitative skills of students and how can
statistical packages be developed, adapted, and improved.

4. Text and Software Development
•

The development of new books and educational material is required to make use of the new
resources available; the development of statistical software for inclusion into statistical
lessons should be monitored and evaluated.

•

The review of text and software should be the responsibility of statistical journals, such as
Teaching Statistics.

5. International Cooperation and Communication
•

International cooperation and dissemination is essential.

•

Computer networks for dissemination of data and information should be encouraged.

•

An international magazine for dissemination should also be produced.

6. Manufacturers of Calculators and Computers
It is in the interest of manufacturers to support the use of their equipment in the following manner:
•

Produce relatively cheap calculators and computers suitable as teaching aids.

•

To support the ISI educational committee

244

20. HOW TECHNOLOGICAL INTRODUCTION CHANGES THE TEACHING OF STATISTICS

To some extent, the teaching of statistics has changed because of the recommendations made above.
Whether full use has been made of the technological resources available is a matter open for discussion and
beyond the scope of this paper. However, the use of calculators and computers in developed countries is
prevalent and firmly established within educational institutions. Teacher training, both initial and
subsequent, now incorporates the use of these new technologies. Continuation of training is paramount,
particularly for future technological advances, if these advances are to be implemented and used within the
classroom environment. The ISI has recently established the International Association for Statistical
Education (IASE). One of the tasks of IASE is to increase membership and to provide a forum where
members can meet and discuss statistical education matters. Technology plays an important role in this
organization, from the dissemination of information to hosting sessions (at related conferences) about how
technology can be used to benefit statistical education. For example, the IASE organized several sessions at
the 50th session of the ISI in Beijing 1995. “The statistical education sessions were well attended with
contributors from many different countries. Contributors provided papers on topics where the use of
technology played a prominent role and advocated using computers in statistical education to elucidate
important and relevant points” (Jolliffe, 1995, p. 2).
The use of electronic means of communications, such as electronic newsletters and journals, has greatly
increased over the last decade. The Newsletter of the International Study Group for Research and Learning
Probability and Statistics is a typical example of how the electronic highway is now used to disseminated
information. Note that this newsletter is available in hard copy for those interested parties who do not have
an e-mail address. The Journal of Statistics is available to all those who have the technology to access it.
The areas of educational research, the production of relevant text and computer software, international
cooperation, and manufacturers support have been addressed since 1984, but they must continue to be
addressed because technology is continually changing. Computers and calculators are not the only
technological resources that are available. Videos, radios, and electronic media, such as the growth in e-mail,
the World Wide Web and the internet, have become available and used within some educational institutions.
Developing countries have limited access to technological resources. However, the use of calculators in
these countries is becoming more frequent.
TECHNOLOGICAL RESOURCES
The growth in teaching statistics is a feature of the twentieth century. This teaching has benefited from
the development of the technological resources that are available. One must always keep sight of the basic
aim of statistical education, which is to educate the student to use statistical techniques appropriately.
Arnold (1993) pointed out that “as educators, we need to work at and improve the techniques we use” (p.
170 ) and that “the overweening desire for technology can blind us to problems, perhaps making us forget
our reasons for looking to technology in the first place, which is to improve our students' and our own
learning. It takes more than technology alone to truly make a difference” (p. 171). Technology can be
used to enhance our teaching, but, hopefully, not be seen as a replacement for teaching. The examples
provided here need to be examined, and it needs to be determined whether they are suitable for inclusion in
statistics or statistics-related classes.
Examples
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When using any calculating device it is important to realize that errors can occur. If a computer is to be
used, one must realize that the storage capacity for each number is limited. Also, computers operate in
binary, not decimal numbers. For example, note that 1/3 is an infinite decimal number of 0.333333...; in
binary 1/10 has the infinite binary representation of 0.0001100110011..., which cannot be stored exactly in
the computer. Cooke, Craven, and Clark (1985) demonstrated the effect of this by running a short program
in Pascal. The program is as follows:
program add (input,output);
var

i : integer;
t : real;

begin
t := 0;
for i := 1 to 500 do
begin
t:= t + 0.1;
writeln (t);
end
end.

Early use of computers often involved students writing programs to perform calculations or observing
the outputs from such programs. The above program is a typical example of these early programs used in
statistical education. Today it is likely that a software package would be used instead. The storage capacity
of machines has increased vastly so that round-off errors are not as obvious. However, errors do occur and
students should be aware of this possibility. The approach may be different, but the underlying problem
still exists and needs to be elucidated.
Students who are following a combined study of computer programming and statistics may still write
statistical programs. Students have to fully understand statistical techniques before they can successfully
program them. However, the time involved in producing software may not be a profitable use of their time.
Modern software packages include statistical features that may fulfill the educational outcomes that are to
be achieved, without the need to produce lengthy software. The teacher is the best judge of the type of
assessment required for his/her students. For example, for students following a combined study of computer
programming and statistics, Cooke et al. (1985) had students fit an exponential distribution to a set of data
for their assessment (see Figure 1).
This question could be modified for students who are not studying both computer programming and
statistics. The question would have the same underlying statistical question and the same data, but software
such as a spreadsheet or a statistical package such as Minitab could be used to answer the following
questions (which would replace Parts 1-4 in Figure 1):
1)

Using appropriate software fit an exponential distribution to the above data.

2)

Carry out a goodness-of-fit test of these expected frequencies to those observed.

3)

Printout the observed values in each interval, the corresponding expected values, the chisquared value from the test and its number of degrees of freedom.
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Question: The life-times of 500 items of a particular electrical component have been summarised in the following
frequency table.
Time (hours)

Frequency

0-99

208

100-199

112

200-299

75

300-399

40

400-499

30

500-599

18

600-699

11

700-799

6

(1) Write a section of program that will estimate the mean of these observations.
(2) Continue the program by finding the expected frequencies in an exponential distribution with the same mean.
(3) Carry out a goodness-of-fit test of these expected frequencies to those observed.
(4) Printout the observed values in each interval, the corresponding expected values, the chi-squared value from the
test and its number of degrees of freedom.

Figure 1: Example of assessment given by Cooke et al. (1985)
Cooke et al. (1985) also considered the accumulation of round-off error and loss of significant digits,
which can invalidate a calculation completely. The example they showed was
f(x) =

p

for p = 0.3 and x = 0.99900050

1 - x2

Because of rounding, they found x = 0.99900000 (an error in the seventh decimal place). The result
obtained is 1500.7504, but it should be 1501.50075. An error in the seventh decimal place has produced
an error in the fourth significant figure of f(x). The crucial step here is subtracting x 2 from 1. Because
these numbers are very similar in magnitude, it leads to significant digits being lost in the divisor. Using a
modern calculator, the result obtained would be 1501.50075 and hence would not be seen as a problem.
Teaching must take new advances in technology into account, but the examples used must be adjusted for
the specific technology used.
The topic of combinations has long been a part of statistics. Combinations can be taught as a single topic
or as part of the binomial distribution. The formula is:
nC =
r

where n factorial is written as n! and defined as

n!

n! = n x (n-1) x (n-2).....x 3 x 2 x 1.

(n - r)! r!
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Students must know when to use the combinations formula and what the values of n and r are. This is
fundamental to the understanding of the topic and is unlikely to be replaced by technology. However, the
calculations one must do have changed because of the introduction of new technology. Before this new
technology, the student would be taught how to reduce n!/(n-r)!r! to its simplest form.
For example, if n = 10 and r = 4,
10!
(10 - 4)! 4!

which reduces to

=

10!
6! 4!

=

10x9x8x7x6x5x4x3x2x1
6x5x4x3x2x1x4x3x2x1

10x9x8x7
4x3x2x1

and by further cancelling is 10x7x3 = 210.

With a modern calculator, the above calculation can be done instantly with the touch of a button. Hence,
the above information no longer has to be covered by the teacher. It can be argued that being able to
reduce n!/ (n - r)! r! to its simplest form is still a useful skill for a student to acquire. Some calculators have
the n! function but do not have the n Cr function. If this is the type of calculator being used then the student
has to understand how to implement the n Cr formula rather than just how to input the values of n and r.
It is necessary to take into account the diverse amount of statistical experience each student brings to the
classroom. By investigating this statistical experience, educational institutions can work toward a combined
approach that satisfies educational academic rigor, industry needs, and the criteria of professional
associations. As technological resources increase, students will bring with them a different set of statistical
experiences. The knowledge they have gained can be used and built on. The main problem arises when the
students bring along different technological skills and devices.
The example provided in Figure 2 is from a computer-based modeling course for mathematics and
statistics that is designed to allow students to develop and explain solutions that are conducive to their
respective backgrounds.

Question: Computer Based Modelling Spreadsheet Assignment
Spreadsheets are used extensively in Modelling. Choose a spreadsheet and describe what features make it a useful
piece of software to be used for modelling. Give suitable examples to illustrate the features you have identified. The
examples must be printed out from your spreadsheet with suitable annotation. Evaluate the spreadsheet as a tool to be
used (Starkings, 1993).

Figure 2: Example of the computer based modelling spreadsheet assignment
When answering this type of question, the students go into detail and explain examples such as decision
trees, statistical hypothesis testing and forecasting methods, and how the spreadsheets could be used to hold
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respective formulae to calculate the test statistics or decision trees probabilities. Figure 3 shows an example
of a decision tree (Wills, 1987).
Computer Spreadsheet layout and results

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

A
Minimum
Maximum
Expected
Loss (Best
Value in
Centre)

B
Market
Research
Costs

C
Results of
Market
research
Survey

D
Maximum
Loss Given
Best Action

E
Probability
Success/
Failure

F
Value
Successful/
Unsuccessful
Product

******************************************************************************
Category A
0.5
$1,400,000
0.4
$350,000
0.5
($350,000)
$312,500
Survey
$50,000
Category B
0.9
$1,400,000
0.35
$350,000
0.1
($350,000)
*********
$312,500
**********
$350,000 No Survey
0$

Category C
0.25

$0

0.15
0.85

$1,400,000
($350,000)

$350,000

0.5525
0.4475

$1,400,000
($350,000)

D
Maximum
Loss Given
Best Action

E
Probability
Success/
Failure

F
Value
Successful/
Unsuccessful
Product

Computer Spreadsheet Formulae
1
2
3
4
5
6
7
8
9
10

A
B
Minimum Market
Maximum Research
Expected
Costs
Loss (Best
Value in
Centre)

C
Results of
Market
research
Survey

******************************************************************************
Category A
0.5
1,400,000
0.4
1-E9
-350,000
@IF(E9*F9+E10*F10>0,-F10,0)
11 +B12+C10*D10+C13*D13+C16*D16
12
Survey 50000 Category B
0.9
+F9
13
0.35
1-E12
+F10
@IF(E12*F12+E13*F13>0,-F13,0)
14
15
Category C
0.15
+F9
16 *********
0.25
1-E15
+F10
@IF(E15*F15+E16*F16>0,-F16,0)
17 @MIN(A11,A19)
18 **********
19 +B20+D2
No Survey +E9*C10+E12*C13+E15*C16 +F9
20
0$
@IF(E19*F19+E20*F20>0,-F20,0)
+F10

Figure 3: Decision tree example
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The students can use the spreadsheet model in Figure 3 to examine various decision alternatives, such as
if the probability of success/failure changes for category A. The calculations are almost immediately done,
and the student can make comments and recommendations on the results. The student must know how to
set up the decision tree correctly to be able to use the spreadsheet. Previously, the student would draw out
the decision tree and perform numerical calculations by hand, or calculator if available. Any change in the
probabilities would result in further hand or calculator calculations, which takes time and introduces the
likelihood of an arithmetic error, before any recommendations could be made. Spreadsheets, provided they
are used correctly, can perform numerous calculations without the chance of numerical error. However,
Figure 4 shows an example where a spreadsheet could be misused.

Question:

A school shop has kept record of its sales during the last week. The sales have been

summarised in the following frequency table.
Item

Number sold

Crisps

100

Chocolate Biscuits

75

Cheese Biscuits

50

Cereal Bars

69

Use a spreadsheet to graphically display the data above.

Figure 4: Example of possible misuse of spreadsheets
Holmes (1984) states that “...a picture is worth a thousand words. It is not so obvious that a picture
might be worth a thousand figures. There is no doubt that many people find it easier to see the overall
pattern from a graph than from a set of tabulated data. Good teaching programs can show what is gained
and lost by moving from one form of representation to the other” (p. 90).
A student can enter the data and produce a variety of graphical displays such as bar charts or pie charts,
which are acceptable diagrams. However, the student could also produce a time series graph, which would
be incorrect for the above data. Hence, software can produce diagrams at the touch of a button, but the
relevant statistical knowledge that the students need in order to use the correct graph must be taught in
advance. A typical answer/argument from a student is that the computer cannot be wrong!
“The quality of teaching and learning across the country also depends on ensuring that the most
refined advanced skills in pedagogy become over time the collective possession of the profession” (Barber,
1994, p. 7). Statistics is a subject that is both theoretical and practical by nature and needs to be addressed
in both of these aspects. Reforms in the teaching and learning of statistics are required if the profession is to
encourage users to use statistics in a practical context. This is not to suggest that reforms of recent years are
detrimental but rather to suggest that perhaps the time has come to shift the focus from theoretical statistics
to that of a more practical nature that can be understood by the students. Some developing countries, like
Pakistan, still follow a theoretical pattern. Unless statistics is seen as relevant to students, all too often a low
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priority status is given to the subject and accorded minimal attention by students. This in turn leads to
statistics teachers becoming despondent. A policy in which both aspects of statistics is addressed is surely
desirable in educational terms.
“Policy should be designed to cherish and restore the sense of idealism which is the core of all good
teaching, and to provide the opportunity for teachers to work constantly at refining and developing their
skills” (Barber, 1994, p. 7). For example, the use of videos has brought a new dimension to the teaching of
statistics. This method of communication can be used when visual impact is desirable or for students who
missed the lesson. Television programs can be taped and viewed when required. In some cases, lessons are
taped and shown to classes who are at a different geographic location. In Canada, interactive video lessons
have been used. Thus, the 'expert' can deliver the lesson in one Canadian state and another Canadian state
can interact wiht that classroom as if they all were in the same classroom, via the video link. The teaching
can then take place over a large distance. The receiving state has a teacher in the classroom who acts as a
facilitator of learning rather than the person delivering the lesson.
PAKISTAN
When this article was written, the schools in Pakistan did not yet have access to computerized technology,
such as e-mail, the internet, or software packages such as Minitab and spreadsheets. However, calculators are
used in the more affluent schools and colleges. Developing countries are behind in their use of technology
simply because they lack the necessary resources. Any advice or lessons that developed countries have
gained through the use of technology can be of benefit to these developing countries.
Due to the direct link between a country's socioeconomic conditions and its system of education, the
situation of statistical education in underdeveloped countries is completely different than in the developed
world. International organizations, such as ISI and IASE, have an important role to play in assisting
colleagues in underdeveloped countries. For example, it may be appropriate to have teacher exchange or
teacher training programs or to offer support to centers currently involved with statistical education.
Developed countries need to be aware of the lack of resources that currently exist in developing countries,
such as Pakistan, which has severe shortages of textbooks and calculators. Furthermore, in most developing
countries there is a general lack of computing facilities.
In Pakistan, statistics is taught as a separate subject at first degree (i.e., the undergraduate level) and
above. Note that it is rarely taught before students reach this level. The work students do tends to consist of
lengthy numerical questions that are solved by students using calculators or log tables, with little, if any,
discussion of, or implications of, the results. Absence of practical projects in the statistics curricula during
the past 40 years has resulted in the students passively accepting the information provided rather than
solving real-life problems. Kinnaird College in Pakistan has organized an annual Statistical Exhibition for
the last 6 years, as well as the Statistics Teachers' Educational Programme. This year external funding has
been provided by this author in order to award a prize in Statistical Education and Research.
During 1990, Kinnaird College organized a practical statistics competition and had a few entries;
however, the effort made by the college and support from teachers in the country has led to its rapid
growth. Now the college also provides an annual prize, which is given at the same time as the country's
annual Statistics Training Education Programme award.
Because statistics is a practical subject, the syllabus for a statistics course should be designed so that the
concepts and methods are introduced so that the students both achieve the aims and objectives of the course
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and develop a better understanding of the subject. During 1993, a statistics practical was introduced that
had a 15% weighting as part of the examination. Although this is a major step for Pakistan examinations,
these practicals are very much, at the present moment in time, prescribed.
The University of the Punjab (1993) states the following about the practical examination: “The Practical
Examination will be carried out in laboratories with the help of coins, dice, cards, random number tables
and other such materials. A minimum of 20 practical should be carried out” (p. 9). The content of each
section is then stated. For example, “Between 50 and 100 observations to be obtained from experiments.
Various measures of central tendency and of dispersion are to be calculated” (University of the Punjab,
1993, p. 12).
Statistics teachers in Pakistan are finding it very difficult to administer these practicals because they
involve a considerable amount of time, especially considering the calculations are usually done manually.
The teachers feel that they do not have adequate experience in carrying out and assessing this type of work
and that there is a need to teach statistical methods that are pertinent to real-life as opposed to just teaching
statistical techniques. Association with other countries who are familiar with this type of work is essential in
order for Pakistan statistical education to develop. When technological resources become available, then
meaningful datasets can be collected or simulated and analyzed electronically. This will save a considerable
amount of time (that previously was used doing the calculations manually).
The students also must complete two written papers. The questions on these writtens are calculationoriented. A typical question provides some values, that are not always put in context, and asks the student to
calculate some statistical measure. For example, “The Reciprocals of certain values of X are 0.004, 0.0625,
0.05, 0.025, 0.02, 0.125, 0.333, 0.0125, find the arithmetic mean of X” (Beg & Mirza, 1989, p. 7). This
type of question is also what is presented in the statistics courses. A broad statistics curriculum is not only
desirable but essential, because students do not learn by having facts hammered into to them and by rote
learning of how to answer questions. Pinder (1987) suggests that “Most rote learning unless accompanied
by understanding, does not remain in the memory. To be retained learning must be understood, and skills
practised in a variety of ways” (p. 51). It is essential that syllabi, curriculum, and examinations for statistics
are altered in such a way as to provide students with a forum for applying and understanding statistics in a
variety of contexts.
The Statistics Teacher Education Programme (STEP) began in the early part of 1992; thus far, eight
training sessions have taken place. Kinnaird College Statistics Teachers comprised the first team: They set
up the training program and provide support to other statistics teachers. Each of the eight sessions has
focused on a different element of statistics. For example, the STEP 3 session concentrated on how to devise,
conduct, and assess statistics practicals. A future STEP session could be used for looking at how to use
technology in statistics practicals. Technological resources would need to be available so that teachers could
then implement any techniques required.
The Annual Statistics Competition is run by Kinnaird College and a considerable amount of progress
has been made over the last few years in trying to demonstrate the practical uses of statistics. This has been
partly achieved by the Inter-Collegiate Statistical Competition. The rules of the competition are summarized
as follows:
1.

Students may participate in this competition individually or in teams of two or three students from
the same college.

2.

Each student/team must conduct out a statistical project as follows:
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(a) Decide what is it that you want to find out (e.g., you may wish to examine the proportion of
students who take tuition, where tuition means that a student has private tuition in addition to their
normal college lessons).
(b) Collect primary data (real, unpublished data) in order to find a reasonable answer to your question.
(c) Analyze the collected data and draw a conclusion; state the limits of your conclusion.
(d) Present your project in the form of a poster.

Kinnaird College students were not allowed to enter the competition, to insure the host college would be
neutral. In the future, it is hoped that technological resources will be used to analyze data. Entries varied
for the above competition. Example of titles submitted include: “Population of Family re: Education
Level,” “Why do people take exercise,” “Liking or Disliking of Dish Antenna,” “Crank Calls,”
“Smoking and Spirits,” “On what basis do people caste vote,” and so forth.
Working in an educational system that is predominantly textbook-oriented this initiative was to try out
new methods for effecting change. Pakistan is ready for technology to be introduced because the teachers
and students are responsive to changes in teaching methods and strategies. The competition certainly
encouraged statistics teachers to discuss with each other ways of encouraging their students to be involved
in practical work and about how to use technological resources. A forum in which teachers can discuss
ideas and ways of improving their teaching provides mutual benefit to the students and the progression of
statistics in Pakistan.
SUMMARY
Educational establishments have the daunting task of updating the curriculum to keep pace with changes
in society and the work environment, of deciding what should or should not be included in statistics
courses, and how to structure such content to give a logical flow and meaning to the rest of the courses that
the students are studying. Technology is and will be a major part of our everyday life and is increasingly
being used as a teaching resource in many different forms. It is difficult to say what technological
developments will be next, but our teaching techniques and styles will inevitably be altered to accommodate
these new resources. Developing countries can and should learn from the developed world so as to make
the most profitable use of new technology.
The paper illustrated areas where technology has been introduced and how teaching has adjusted to
include the new resources. The experiences that have been gained from Pakistan are invaluable and
suggestions on future work in Pakistan have been put forward for consideration. This paper attempted to
identify the nature of the problems and, in some instances, to indicate how they themselves might be used in
statistical-based courses. Because of the fundamental importance of these problems there is a need to
discuss them further, thereby adding more understanding to what is required to provide solutions.
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21. THE INTERNET: A NEW DIMENSION
IN TEACHING STATISTICS
J. Laurie Snell
Dartmouth College

INTRODUCTION
The Internet was developed to permit researchers at universities and colleges to freely communicate their
ideas and results with others doing similar research. This was accomplished by connecting the universities
by an electronic network called the Internet and providing a method for sending messages called
Electronic Mail or E-mail.
E-mail works fine for simple text messages. However, transmitting results of research often requires the
capability of transmitting formulas, graphics, and pictures and occasionally even sound and video. Tools to
accomplish this were developed and the Internet, with these capabilities, is called the World Wide Web or,
more simply, the Web. Instead of directly transmitting this more complex information between two
researchers, say John and Mary, it was decided to allow John to deposit his results on a machine at his
institution and let Mary obtain them from this machine. This made John's results not only accessible to
Mary but also to anyone else in the world who had access to the Web. This resulted in a remarkable new
way to share information. Common usage now uses the terms Web and Internet interchangeably; the term
Internet will be used here.
The enriched Internet was such a success that it was extended to allow the same kind of transmission of
information by the general public and industry. Although the Internet has grown to have all of the best and
worst elements of our society, it is still a wonderful way to achieve its original goal: to allow academics to
freely share information.
E-mail still works very much like it did in the beginning and continues to be a natural and useful way to
communicate. When we write a letter, we imagine this letter may be kept as a permanent record of our
thoughts. For this reason, most of us take a some care in the way we express our thoughts in a letter. E-mail
is much more informal--it is not a sin to misspell a word or make a grammatical error. You usually are just
writing to ask someone a technical question, help a student, give a colleague a reference to a paper, and so
forth. Most of the time, when you receive an e-mail message, you reply and never again look at the
message.
Somewhat the same philosophy has been applied to putting materials on the Internet. People often put
their first thoughts on an issue onto their Web site, almost like a first draft of an article or book. However,
unlike e-mail, this material stays where it is and can be viewed by anyone in the world. Thus, if you start
searching the Internet, much of what you will find is outdated; you may get pretty discouraged by the
quality of the material. Thus, it is important to find ways to help identify interesting material. In this paper
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we hope to do this in the area of statistical education. Sources where useful information is shared on the
Internet include:
•

Course descriptions and materials for teaching a course.

•

Datasets.

•

Articles and background information on current statistical issues in the news from newspapers such
as The New York Times and The Washington Post, radio programs such as National Public Radio, and
popular science journals such as Science , Nature, and The New England Journal of Medicine.

•

Interactive modules and texts that illustrate basic concepts of statistics and can be run from the

•

Electronic journals such as The Journal of Statistics Education.

Internet.

Methods for putting materials on the Internet are constantly being improved, and materials found on the
Internet are constantly changing to take advantage of the new technology. Currently, the rate of
transmission is not sufficient to permit the user to see more than a minute or two of video material, but this
will soon change.
In this period of development, problems may occur when you attempt to use the Internet. You may find
that just as you are about to use the Internet in a class, the network is down or the speed of transmission is
too slow. With new applications you will have to learn how to configure your software to accommodate
them. Also, materials that are on the Internet today may have been moved or removed altogether by the
time you want to use them. Thus, we cannot guarantee that everything presented to you the 1996
conference will be available when you read this. However, we can assure you that what you will find will be
even more exciting than what we will tell you about here.
THE CHANCE COURSE
Chance is a course designed to make students better able to read and critically assess articles they read in
the newspapers that depend on concepts from probability or statistics. Chance was developed cooperatively
by several colleges and universities in the United States: Dartmouth, Middlebury, Spelman, Grinnell,
University of California San Diego, and the University of Minnesota. In the Chance course we discuss basic
concepts of probability and statistics in the context of issues that occur in the news, such as clinical trials,
DNA fingerprinting, medical testing, economic indicators, statistics of sports, and so forth. We use the
Internet to provide resources for teaching the Chance course.
To assist in teaching a Chance course, an electronic newsletter called Chance News is provided, which
abstracts current issues in the news that use probability or statistical concepts. This newsletter is sent out
about once every three weeks. Anyone interested in receiving it can send a request to
jlsnell@dartmouth.edu.
In addition, we maintain an Internet Chance Database (http://www.geom.umn.edu/locate/chance). This
database contains syllabi of previous Chance courses and links to courses others have taught. The database
also includes descriptions of activities, datasets, and other materials useful in teaching a Chance course, as
well as a teacher's guide for a Chance course. You will also find current and previous issues of Chance News
with links to the full text of most newspaper articles.
USING THE INTERNET TO TEACH CHANCE
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This section illustrates how the Internet is used to teach the Chance course. The following uses of the
Internet will be discussed
•

E-mail communication between students and instructors.

•

Posting daily handouts on a Internet site.

•

Posting class data on a Internet site.

•

Finding articles from the popular media.

•

Finding additional information on articles..

•

Gathering of information and data for student projects.

We illustrate these uses in the context of our most recent Chance course taught at Princeton, Winter term
1996. Because Princeton students have access to e-mail, we used e-mail throughout the course to help the
students with questions on homework, to arrange appointments, and to send other course information to the
students.
Our classes follow the following format: we choose an article that has appeared in the news, usually a
very recent article, and prepare some questions relating to this article. The students divide into groups of
three or four, read the article, and discuss our questions for about 20 minutes. They then report their
conclusions, and we use these as the basis of additional discussion of the article and the statistics and
probability issues suggested by it. Occasionally, instead of discussing a current article, we ask the students to
conduct, in their groups, an activity designed to help them understand statistical concepts that came up in
their reading. For example, when the notion of hypotheses testing came up, we asked them to identify one
member of their group who believes that he or she can tell the difference between Pepsi and Coke and to
design and carry out an experiment to test this claim.
We put these class handouts on our Internet site. This means that if a student missed a class or lost a
handout, there is no problem getting another copy. This also allows teachers at other schools teaching or
interested in teaching a Chance course to see exactly how we do it and makes it easy for us to use some of
the materials in a later offering of the course. We hope that others teaching a Chance course will share their
materials on the Internet. For example, N. Reid at the University of Toronto has shared her materials on the.
She keeps a complete account of every class, including articles discussed and activities carried out on her
Internet site (http://utstat.toronto.edu/reid/). She uses articles from the Canadian newspapers, which provided
another source of interesting articles for our course.
We started our Princeton course with an activity. We asked the students to help us design a questionnaire
to gain statistical information about the class, such as intended major, number of hours they watch
television, and so forth. We then administrated the questionnaire, tallied the data, and sent it to the students
by e-mail. We asked them to get acquainted with the statistical package we were using [JMP (SAS Institute,
1996)] by exploring this dataset. We discovered that the students had difficulty moving the data from their
e-mail to the machines in the lab that had the JMP software. To solve this problem, we put the data on our
Internet site; the students had no trouble downloading the data from there. We coordinated our efforts with
T. Moore at Grinnell who was teaching an elementary statistics course. His students also completed the
informational questionnaire. We put the results of both surveys on our Internet site,which allowed students
at either school to make comparisons between the students at the two colleges.
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We asked the students to read Chance News on the Internet in order to get ideas for articles to use for
class discussion. For example, Figure 1 lists the contents of the March issue of Chance News.
Contents of Chance News 28 February to 28 March 1996
1. In a first, 2000 census is to use sampling.
2. Are all those tests really necessary?
3. The use of IQ tests in special education.
4. The expected value of Windows Vegas Solitaire.
5. A treatment for cancer risks another.
6. Is Monopoly a fair game?
7. Hawking fires a brief tirade against the lottery.
8. On Isle Royale wolves recover from disaster.
9. Silent sperm.
10. Evaluation of the military's ESP program.
11. How safe are Tylenol and Advil?
12. Neyer's stats class back in session.
13. Fetal heart monitor called not helpful.
14. Intelligence: knowns and unknowns.
15. HMO prescription limit results in more doctor visits.
16. Radioactive implants effective for prostate cancer.
17. Unconventional wisdom: Love, marriage, and the IRS.
18. Unconventional wisdom: majoring in money.
19. Why does toast always land butter-side down?
20. Ask Marilyn: Which tire?

Figure 1: Contents of the March issue of Chance News
We discussed several of these articles in our course. For example, Figure 2 shows the discussion
questions used for the article "Silent Sperm." For the next class, we asked the students to read the original
research articles that were the basis for the newspaper articles. To discuss these papers it would have been a
great help to have the raw data for the studies. For example, it was obvious from the results given in the
paper that sperm counts are not normally distributed. The authors suggested that the logarithms of the
sperm counts are. We would have liked the students to be able to check this and further explore the data
after reading the article. We tried to contact the authors, but the relevant person was on vacation. We hope
that researchers will begin to make their data available on the Internet.
We also discussed the article on the Census 2000. This article was about the decision of the Census
Bureau to use sampling in this survey rather than just enumeration. Here we were helped by being able to
query researchers at the Census Bureau by e-mail about their plans. We also found, on the Internet, an
article by D. Freedman relating to his research on some of the difficulties in implementing the methods
under consideration by the Census Bureau for the 2000 census.
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Class 19: Sperm Count
Discussion
Read the article “What's wrong with our sperm?” by Bruce Conley et. al., Time Magazine 18 March 1996, p. 78 and the
“Sperm counts: some experts see a fall, others see bad data” by G. Kolata, The New York Times, 19 March, 1996, C10.
(1) What are some of the differences in the way the two articles address this topic? Which do you think gives the better
description of the problem?
(2) What are some of the problems of meta-analysis (combining data from past and present studies) in order to decide
whether sperm count is declining? What factors should you control for?
(3) How would you design a study to test the hypothesis that sperm counts are declining?
(4) The New York Times article cites Dr. Sherins as saying that there is no evidence that infertility is on the rise in the
United States. If this is so, why worry about sperm count?
(5) If infertility is on the rise, what might be the reasons?

Figure 2: Example of classroom discussion questions
The last article in the March Chance News also shows how the Internet can enrich a discussion of a topic
in the news. This story starts with the Marilyn vos Savant column in Parade Magazine, 3 March 1996, as
shown in Figure 3.

A reader writes:
My dad heard this story on the radio. At Duke University, two students had received A's in chemistry all semester. But on
the night before the final exam, they were partying in another state and didn't get back to Duke until it was over. Their
excuse to the professor was that they had a flat tire, and they asked if they could take a make-up test. The professor
agreed, wrote out a test and sent the two to separate rooms to take it. The first question (on one side of the paper) was
worth 5 points, and they answered it easily. Then they flipped the paper over and found the second question, worth 95
points: 'Which tire was it?' What was the probability that both students would say the same thing? My dad and I think its 1
in 16. Is that right?

Figure 3: Marilyn vos Savant story
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Marilyn answers that the correct probability is 1/4 and explains why. We found, on the Internet, an
earlier account of this incident indicating that the professor was a chemistry professor at Duke University
named Bonk. A check on the Duke homepage revealed that there was, indeed, a chemistry professor at
Duke named Bonk. We sent an e-mail message to Professor Bonk and got the following reply.
Laurie,
The story is part truth and part urban legend. It is based on a real incident and I am the person who was involved.
However, it happened so long ago that I do not remember he exact details anymore. I am sure that it has been
embellished to make it more interesting.
J. Bonk

Professor Bonk included an e-mail message he had received from Roger Koppl, an economist at
Fairleigh Dickinson University who wrote:
When I read the story of Professor Bonk, I thought immediately of the right front tire. I was then reminded of something
economists call a "Schelling point," after the Harvard economist Thomas Schelling. Schelling had the insight that certain
places, numbers, ratios, and so on are more prominent in our minds than others. He asked people to say where they
would go to meet someone if they were told (and knew the other was told) only the time and that it would be somewhere in
New York. Most chose Grand Central Station. How to divide a prize? 50-50. And so on. The existence of these prominent
places and numbers and such permit us to coordinate our actions in contexts where a more "pure" and "formal" rationality
would fail. These prominent things are called "Schelling points."
(http://www2000.ogsm.vanderbilt.edu/baseline/1995.Internet.estimates.html)

Professor Koppl goes on to describe a survey he used that verified that the right front tire would be the
most popular answer to the question: “If I told you that I had flat tire and asked you to guess which tire it
was, what would you say?” Another e-mail writer stated that he had consulted a tire expert and was told
that, in fact, the most likely place to get a flat tire is the rear right tire.
Thus, thanks to the wonders of e-mail, a routine probability problem brought out the complexities of
applying probability theory in the real world. It also provided an introduction to the interplay of
probability and psychology and led naturally to a discussion of the work of Kahneman and Tversky.
As this example shows, e-mail provides a good way for the instructor and students to obtain additional
information about a topic that might be rather briefly described in the newspaper. Another source is
research articles posted on the Internet. For example, an article in The New York Times discussed a debate
on the reliability of an estimate for the number of Internet users obtained by Nielsen using a telephone
survey. Two market researchers, who helped plan the Nielsen study, disagreed with the way Nielsen handled
the data and made available on the Internet a paper in which they explained how they arrived at quite
different numbers from the same data. (Their paper can be found at this address:
http://www2000,ogsm.vanderbilt.edu/baseline/1995.Internet.estimates.html).
The students in the Chance course also conduct a significant project, which is presented in poster form at
the Chance Fair at the end of the course. The Internet was a great help to the Princeton students working on
their final projects. Inspired by the "upset" of Princeton over UCLA in the 1996 NCAA College Basketball,
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two students were interested is seeing how often such upsets occur. To do this they needed the seedings of
the teams in the previous tournaments. They easily found this information on one of the basketball Internet
sites.
Another student wanted to analyze lottery data consisting of numbers that people actually chose for a
lottery. Calls to the state lottery offices led nowhere. Officials gave all kinds of reasons why they could not
release data of this kind. However, a few e-mail messages at addresses found on the lottery Internet pages
led to a lottery official who was interested in having such data analyzed and was happy to give the student
the data he needed.
The success of this project, and the data obtained, led us to write a module on the use of lotteries in
teaching probability in a Chance course. You can find this module on the Chance Database under "teaching
aids."
Another interesting project that made good use of the Internet dealt with weather prediction. The
students wanted to know, for example: How is the probability of rain determined and what does it mean?
Are weather predictors rewarded according to the quality of their predictions? To help answer such
questions they made a small survey and sent it, by e-mail, to a number of weather forecasters. We next
describe other sources on the Internet that are useful for statistics courses.
THE JOURNAL OF STATISTICS EDUCATION
The Journal of Statistics Education (JSE) is a refereed electronic journal that deals with post-secondary
statistics education, currently edited by E. J. Dietz. The first issue was published on July 1, 1993. A recent
issue (Vol. 4, No. 1, 1996) has an article by M. Pfannkuch and C. M. Brown entitled "Building on and
Challenging Students' Intuitions About Probability: Can We Improve Undergraduate Learning?" It is well
known that students intuitive ideas of determinism, variability, and probability are often not in agreement
with formal probability. The authors observe that the proper understanding of the role of probability in
statistical reasoning about real world problems requires a resolution of these differences. They report on a
pilot study to identify some of the differences in intuitions and formal concepts that students have and to
determine how these differences can be resolved.
The JSE has two regular departments. The first, "Data Sets and Stories," is edited by Robin Lock and Tim
Arnold. Readers are invited to submit an interesting dataset along with a "story" describing the data. This
story includes the source of the data, a description of the variables and some indication of the statistical
concepts that are best illustrated by the dataset. The data is put in a form that makes it very easy to
download to any statistical package. Each JSE article features a description of one or more of these datasets,
but the entire collection of datasets can be considered part of the journal. The dataset in the current issue of
JSE was supplied by R. W. Johnson. This computer-based technology allows the student, using multiple
regression, to estimate body fat for men using only a scale and a measuring tape. Johnson describes his
experiences using this computer-based technology in his classes.
The second department, "Teaching Bits" is edited by J. Garfield and W. Peterson. Garfield provides
abstracts for articles in other journals of interest to teachers of statistics including abstracts for articles in the
British journal "Teaching Statistics." The current issue features abstracts edited by C. Batanero that appeared
in the January 1996 Newsletter of the International Study of Group for Research on Learning Probability
and Statistics. Peterson provides abstracts of articles in current journals and newspapers that use statistical
concepts to serve as the basis for class discussions similar to those in Chance News.
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One important feature of an electronic journal such as JSE is that it is possible to search through all
previous issues for articles on a given topic. For example, if you are interested in assessment you need only
put "assessment" into the JSE search mechanism. You will find, for example, a paper by I. Gal and L.
Ginsburg that "reviews the role of affect and attitudes in the learning of statistics, critiques current
instruments for assessing attitudes and beliefs of students, and explores assessment methods teachers can use
to gauge students' disposition regarding statistics.”
JSE is part of the "The Journal of Statistics Information Service." This service provides a number of
other interesting resources for statistics teachers. These include archives of discussion groups, free statistical
software, and links to other statistical resources.
ELECTRONIC DISCUSSION GROUPS
There are several discussion groups for statistics. The most relevant discussion group for teaching
statistics is Edstat-L (sci.stat.edu) maintained by the JSE Information Service. You can be an active member
of this discussion group by e-mail or by using one of several Internet news group readers. The archives of
this group are kept on the JSE Information Service. These archives can be searched to bring together the
discussion on a specific topic. For example, if you plan to discuss Simpson's paradox and want some fresh
ideas, a search of the archives will lead to references for real life examples, connections with regression
paradoxes, and a suggestion to use the video "Against all Odds." If you are trying to decide which statistical
package to use, a search will produce discussions of the merits of any particular package and compare it to
others.
FINDING YOUR WAY AROUND THE INTERNET
If you are looking for a fairly specific kind of information on the Internet, the best way to find it is to
use one of several different search engines that will search the entire Internet. Our students found the
required basketball data by just searching for Internet sites using the word "basketball." It is not always this
simple. For example, the lottery data was found by first searching on "lottery" to find a variety of
homepages that deal with lottery questions and then sending e-mail messages to the "Webmaster" at three of
the most relevant sites asking if they knew how to obtain the required data. One of those recommended
turned out to be the lottery expert who sent the student the data. The point is that people who maintain
Internet pages on a subject tend to know people who are willing to share resources -- after all that is what
the Internet is all about.
In most areas, there are Internet sites that try to provide, in addition to their own resources, a guide to
other related Internet sites. To get a more general picture of what is available on the Internet for teaching
statistics it is useful to go to one of these sites. A good choice is the Internet site of J. Behrens at Arizona
State University called "The Statistical Instruction Internet Palette (SIIP) which can be found at this address:
http://seamonkey.ed.asu.edu/~behrens/siip/.

The Statistical Instruction Internet Palette
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The home page of the SIIP Internet site displays a palette with several items to choose from. When you
click on a particular palette you are taken to a page that provides links to resources related to the topic of
the palette. The palettes represent the different kinds of statistical information that would be useful to a
student or teacher of statistics. The palettes, and a brief description of each, include:
Data Gallery: Clicking on this palette leads you to a menu where you can choose histograms, boxplots,
summary statistics, and other summary information about data from a large study relating to young people.
Links are provided to statistics courses at Arizona State illustrating how these graphics are used in their
courses.
Graphing Studio: Choosing this palette leads you to an interactive site where you can put in your own
data and request graphic representations. For example, you can give data from two variables and ask for a
scatter plot.
Computing Studio: Here students can learn to compute statistical quantities like mean, median, standard
deviation, and so forth by putting in their own data. The step-by-step calculation is provided along with
appropriate comments.
Equation Gallery: It is fashionable to put formulas at the end of chapters or somewhere else out of the
way "for those who like formulas." Here the formulas are right up front, and the student need only click on
"standard deviation of a population" to get the formula to compute it.
Classroom Gallery: At this palette you are invited to obtain information about statistics classes by
clicking on "Classroom" or teaching resources by clicking on the "Teacher's Lounge." If you choose
"Classroom" you will find a list of courses that have materials on the Internet. The first one is "Introduction
to quantitative methods" taught by G. Glass at Arizona State. Here you find a text for this introductory
statistics course provided in a series of lessons.
The lessons provide questions for the students to answer. The student can then call up the answers and
additional comments. Students are often asked to download a computer-based technology to conduct an
analysis of some aspect of the data. In the first lesson, Glass provides a paragraph about himself and a form
for the students to do the same. He then makes the students responses available to the class on the Internet
site.
The second course is "Basic statistical analysis in education" taught by J. T. Behrens. Here you will find a
discussion of each week's work organized in terms of the questions, such as What did we do last week? What
are we going this week? What did we do last week? Where are we going in the future? How will we get
there? On each weeks' page, links are made to other resources such as the data gallery or perhaps to
material from another course such as that of G. Glass.
If you choose "Teachers Lounge" from the palette you are provided links to resources for teaching
statistics. These include links to courses at other institutions that use the Internet to keep materials for their
classes on the Internet, sites with datasetsappropriate for teachings statistics, the Chance database, and so
forth.
Wide World of Internet Data: This palette describes a large number of sites where data is available.
These sources are classified by field and you will find brief comments about what you can expect to find at
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each site. Some data sites make special efforts to present data in a form that is easy to use in a classroom
setting.
We have already mentioned the “Data Sets and Stories” column in the Journal of Statistical Education.
Another source of good datasets to use in statistics courses is the "The Data and Story Library" (DASL;
http://lib.stat.cmu.edu/DASL/) maintained on Statlib (http://lib.stat.cmu.edu/) at Carnegie Mellon. These
datasets are accompanied by stories telling how the data arose and how they can be used. The datasets are
classified by methods as well as subjects. Thus, if you are looking for a dataset to illustrate the chi-squared
test you can easily get a list of datasets appropriate for this. Similarly, if you are interested in examples
from economics, you can find these using the subject classification. StatLib itself is a wonderful source of
datasets useful for teaching purposes.
This palette also has links to sites that indicate how interactive data will be available in the future. For
example, you can find a book on AIDS that has a mathematical model built in that allows a reader to
provide data relevant for a particular area or country. The model will compute future estimations for ways
that AIDS will spread in this location. Or you can find the current rate of traffic at any point on any of the
major highways is Los Angeles at the very time you are looking at the site. You will also find data available
by video that shows, for example, how a glacier changes over several years.
Collaboration Gallery: This palette provides students with their own listserve. It is “Run by and for
students learning statistics at all levels and from all fields to share questions, concerns resources and
reflections with other students.” It also has a link to a student forum that uses special software to allow a
more interactive form of communication.
WHAT ABOUT THE FUTURE?
What can we expect for the future of the Internet? Just by examining what is already happening we can
expect the following:
•

Increased use of the Internet to share teaching and research materials including traditional and new
forms of interactive textbooks.

•

Increased "bandwidth" that makes video materials and full multi-media documents accessible.

•

Increased development of computer programs and statistical packages that are run by the
Internet browsers.

•

Improved methods for paying for materials used on the Internet with resulting commercialization of the Internet.

•

Increased interest in developing text material and computer programs that are in the public
domain to allow users to freely use them and to contribute to making them better.

We are already beginning to see course notes turning into text books on the Internet. A place to see what
the textbook of the future on the Internet might look like is the "Electronic Textbook" provided by J.
Deleeuw on the UCLA statistics department Internet site (http://www.stat.ucla.edu/). This book is far from
complete, but it has a number of examples to show how standard text materials can be enhanced by special
features of the Internet. For example, a student reading about correlation can click at the appropriate point
and a scatterplot and regression line will appear. The student is then invited to vary the regression
coefficient to see, for example, what happens to a scatterplot when the correlation is .7 as compared to .2.
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Another such demo allows the student to move points in a scatterplot and see what effect this has on the
regression line.
These interactive graphics are produced in two different ways. One method uses programs written in
Xlisp-Stat. This is a statistical package developed by L. Tierney at the University of Minnesota. It is free
and available on the standard platforms: Mac, PC, and Unix. For interactive graphics produced this way,
you must first download the Xlisp-Stat package (Tierney, 1990) onto your machine. This is easy to do. A
good description of how to do it can be found on the home page for Statistics 1001 at Minnesota
(http://www.cee.umn.edu/dis/courses/STAT1001_7271_01.www/). Of course, many other kinds of
computations are possible using the Xlisp-Stat language and you can, if you wish, write your own.
Two other interesting interactive projects that use Xlisp-Stat are the "Teach Modules"
(http://www.public.iastate.edu/~sts/lesson/head/head.html) provided by the statistics department at Iowa State
University and the "Visual Statistics System" (ViSta), developed by F. W. Young at the Department of
Psychology, University of North Carolina which can be found at this address:
http://forrest.psych.unc.edu/research/ViSta.html.
Teach Modules provide modules on several important statistical concepts including the central limit
theorem, confidence intervals, sample means, and regression. The modules include written descriptions of
these basic concepts and suggestions for ways for the student to explore these concepts with the interactive
Xlisp-Stat programs. They also provide exercises for the students.
ViSta is a much more ambitious project that provides a statistical package that can serve both as a
research tool and a learning tool. In its learning mode the student is provided guided tours on how to use
the package to explore datasetssupplied by ViSta or by the student. ViSta is designed to allow the user to
choose the appropriate level of expertise and includes extensive graphical tools. Documentation that will
one day be a published book is provided in the friendly Acrobat PDF format.
A second method for producing interactive pictures is by using the language JAVA. The language
JAVA permits programs to be written that the Internet browser itself, in effect, runs. JAVA has the
advantage that you do not need any additional software, other than the Internet browser, on your machine.
Such JAVA programs are called "applets." You will find in the UCLA textbook an applet that illustrates the
meaning of confidence intervals. It does this by first asking the student to put in the relevant information:
population mean, desired confidence level, sample size, and the number of confidence intervals. The applet
then computes the confidence intervals and plots them as lines so the student can see how these lines vary
and can verify that approximately the proportion corresponding to the confidence level will include the
true population mean.
At the moment, JAVA is gaining in popularity. You can find links to a wide variety of applets on the
Chance Database under "teaching aids." Running applets on the Internet is riskier than running programs
on your machine using Xlisp-Stat. The developers could solve this by providing the sources for the applets
that would allow users to run them independent of the Internet using an Applet Viewer. However, the
concept of freely sharing the language and programs that we find with the Xlisp-Stat developers seems not
to have developed within the JAVA community.
A third method of computing on the Internet is illustrated by a "power calculator" found at the UCLA
site. The power calculator calculates the power of a statistical test when you input the information needed to
determine the power. For this computation, the power calculator sends the information it receives back to
the UCLA computer, which calculates the power and sends the answer back to your machine.
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The demos described above were constructed by people working at different universities who shared
them with J. Deleeuw for his project. The Internet was started as a way to freely distribution information
worldwide. The UCLA textbook demonstrates how developers of statistical materials are freely sharing them
with the statistical community.
Another project along these lines is an introductory probability book by Grinstead and Snell
(http://www.geom.umn.edu/docs/education/chance/teaching_aids/probability_book/book.html). This is a
traditional book in its present form, but we are working on making it interactive using JAVA. We hope that,
by putting our book on the Internet, others will want to make links to parts of our book to assist them in
teaching a probability course. For example, we have a treatment of the recent results by Diaconis and his
colleagues that seven shuffles are needed to reasonably mix up a deck of cards. This is a self-contained unit
and would be useful for someone teaching a probability course who would like to include this new and
interesting topic. We hope also that they will contribute to improving the book as it appears on the Internet.
The next big improvement in the Internet over standard textbook materials will come soon when it is
possible to transmit information fast enough to make audio and video materials routinely available.
Actually, this is already the case for audio. In particular, National Public Radio keeps most of its programs,
current and previous. on their Web site (http://www.npr.org/). This includes interesting discussions with the
researchers who are the authors of studies reported in the news as well as with other experts in the field. It is
quite effective to use these in a class to enhance discussion of the news.
The well known video series "Against all Odds" is currently used in the classroom to supplement text
material by showing statistics as it is carried out in the real world. The use of such materials will be greatly
improved when they can be integrated into text material on the Internet.
I hope I have convinced you that there are terrific resources on the Internet to enhance the teaching of
statistics. Of course, much of this is still in the experimental stage so not everything works as it should;
however, by the time you read this, much of what I have talked about will be working smoothly and new
and better things will be in the experimental stage.
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INTRODUCTION
Proposals are made for coping with the problems of teaching statistics to managers, and to students of
management in higher education. The problems in question concern the fact that teaching statistics in these
contexts is difficult and often ineffective: Numerous anecdotes indicate that these clients often neither like
nor understand the statistics they are taught (see Wood & Preece, 1992, for a discussion of some of the
problems this causes).
For these clients, the discipline of statistics is a means to an end of being a better manager.
Understanding statistics is not an end in its own right, as it might be for students on a degree course in
statistics. It is for this reason that I have used the term "training" instead of "education" in the title. This is
not to say that the purpose of learning statistics is simply to solve a particular problem or set of problems:
Long-term utilitarians will learn ideas now because they think they may be useful in the years to come.
However, if the subject is misunderstood, or avoided because it is disliked, it is of little practical use.
This paper focuses on statistics and management, but I believe that very similar comments apply, for
example, to statistics and medicine (Altman & Bland, 1991) and to mathematical modelling and
management. In short, this paper addresses the problem of helping any novices use mathematical methods
of any kind.
The usual approaches to the difficulties of teaching statistics are based on advice such as practice more,
think harder, get a better teacher, or even worse, become more intelligent. I think the problem is too
difficult to be solved simply by these methods. Accordingly, this paper concentrates on a potentially more
powerful strategy: that is, changing the methods and the technology used to make statistical analysis easier.
The principles proposed here are not fully tested; however, I will illustrate them using specific examples,
most of which I have used on an informal basis.
THREE HYPOTHETICAL SCENARIOS: A THOUGHT EXPERIMENT
I will start with a thought experiment to compare three (similar) groups of students subjected to very
different "treatments." Let us say that the students are groups of managers taking a course on statistical
process control (SPC).
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Treatment 1. Training plus (statistics) package
This is the conventional treatment: a standard course, plus another course on the use of the statistics package to
implement the techniques taught once the students have "understood" them.
Treatment 2. Training by (training) package
This group is taught exactly the same as the first group (i.e., they are exposed to the theory and to the use of the
package), but the teaching is done by an intelligent, multimedia computer system. If such a system automates the best
teaching practice and includes some features that the best of human teachers could not incorporate (e.g., providing help
24 hours a day), it must be better than a conventional training course.
Treatment 3. (Statistics) package as a substitute for training
The third group does not attend a course at all. Instead, they are provided with a package that assists them with
statistical analysis as and when they need it. The package would be largely computer-based, but might also incorporate
paper-based elements such as instructions for drawing simple diagrams and statistical tables. The essential feature of
the package is that it is designed to be used on the job when required to solve problems. It may incorporate appropriate
"intelligent" front and back ends to interface with a novice user of statistics; that is, it would provide guidance on the
correct statistical approach to use (the front end) and on the correct interpretation of the answers (the back end).

How do these three groups compare? If the training package used in Treatment 2 is as good as, or better
than, the best human teacher, then by definition Treatment 2 is preferable to Treatment 1. A similar logic
indicates that Treatment 3 is preferable to Treatment 2 because both satisfy the goal of enabling "students"
to perform and understand statistical analyses, but Treatment 3 cuts out the necessity for training and is thus
more efficient in terms of students' time. It then follows that Treatment 3 is the best one.
In practice, limitations in the effectiveness of the software mean that these conclusions are not fully
justified. Training software is not a complete and adequate replacement for a human teacher; thus, a
combination of Treatments 1 and 2 (human teacher backed by training packages in areas where these are
effective) is likely to be better than either in isolation.
In a similar vein, Treatment 3 is impossible because no packages are sufficiently "intelligent" to enable a
novice to do statistics properly. There are two main reasons for this: (1) the lack of a suitable conceptual
framework for communicating with the user, and (2) the fact that users are likely to lack a suitable image of
what the package will do. These are discussed below.
Difficulties with Treatment 3
In an earlier paper (Wood, 1989), I illustrated these difficulties by means of a largely unsuccessful
attempt to build and use an expert system to enable novices to use standard statistical distributions (see
Appendix 1). The expert system had no difficulty with the arithmetic nor with implementing "general
rules," such as the fact that the Poisson distribution is a reasonable approximation to the binomial when the
"sample size" is large and the "probability of success" is small. However, potential users did not understand
what "sample size" and the "probability of success" meant. Obviously, these concepts could be explained
using a "help" key, but this can only be done to a limited extent because the package cannot explain all the
ways in which the notion of a "sample" can be applied to a new situation. Users simply have to understand
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the concept in a fairly deep and flexible sense. Furthermore, users had no image of what a statistical
distribution was nor of the types of situations that the standard distributions will model adequately; thus,
they did not know when the package was likely to be useful.
A further difficulty is the issue of trust in answers provided and the chance of an unrecognized error
occurring. The package may give the "answer" and imply that the answer is correct, but in many cases
answers are not correct and sensible users will want a justification of the answer so that it makes sense to
them. This is clearly connected with the interpretation of the output and with the user's concept of what the
package can be used for--users who have reason to believe the answers produced by a package are much
more likely to interpret the output meaningfully and to understand when the package is likely to be useful.
In principle, there are three types of justification. First, the status and consequent authority of the
statistical package might satisfy some users [e.g., SPSS (Norusis, 1993) gives this answer so it must be
right]. The second alternative is for the user to understand the algorithms used by a package; however, in
practice this is unrealistic even for quite "simple" algorithms, such as those for computing normal
probabilities. The third alternative is for the user to check the output against different criteria. For example,
a linear regression equation can be checked by plotting it with the data, a significance test routine can be
evaluated by examining whether it behaves sensibly with large and small samples and with data showing
obvious patterns and data showing no such patterns.
How does this affect the comparison between Treatments 2 and 3? Building an intelligent training
system presupposes the existence of a computer model of the content of the training. It also presupposes
that a model of the learning process and a model of an individual learners exist. This means that the
statistical content of the packages used in Treatment 2 can never be more--and will almost certainly be less-than that of the intelligent packages used for Treatment 3. This merely reinforces the superiority of
Treatment 3, and suggests that Treatment 2, in its pure form, is never a sensible option.
However, Treatment 3 is not possible in its pure form either, because users of intelligent statistical
packages need some education in underlying concepts. In particular, users need the conceptual background
to be able to understand the input requirements and to interpret the output, to understand what the package
and the statistics it implements "does,” and to be able to check if they are using the package correctly so
that they can use it with confidence.
This means that the best treatment is a combination of Treatments 1 and 3. The intelligent training
systems proposed in Treatment 2 are ruled out because whenever they are viable the expertise must have
been modeled; thus, the more efficient Treatment 3 is viable. Treatment 3 is the most efficient and can be
considered the baseline, but the education of the users in order to use the statistics package appropriately
(Treatment 1) must be acknowledged. Accordingly, this will be called Treatment 3-1.
As technology progresses, the likelihood is that the power of intelligent statistical packages will increase,
and the consequent need for education will decline. We will need to teach fewer or less difficult concepts to
achieve the same results. However, I cannot envisage a state in which there will be no necessity for the
education of users.
Treatment 3-1: A paradigm shift
Treatment 3-1 represents a paradigm shift with corollaries that are more far reaching than may be
apparent at first sight. The beneficiaries of Treatment 3 are users, not students. This may indicate a shift in
more than terminology--academics using packages such as SPSS to produce p values to legitimize their
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research are users in the sense of Treatment 3, but are not students because they do not take courses.
Similarly, the treatment uses a package instead of a course. Treatment 3-1 incorporates the necessity for
user education. But the Treatment 1 question "How should we teach it?" has changed to "How can we make
it easier?" or "How can we avoid it?" for Treatment 3-1. The elements of the system are represented in
Figure 1.

1
Figure 1: Elements of the system
Under Treatment 1, any problems or mismatches are dealt with by manipulating just one element of this
system--education. Package design is seen as a separate issue, because this depends just on the statistical
framework. The change of emphasis in Treatment 3-1 suggests that the packages can also be changed if
this helps the system. Treatment 3-1 also raises the possibility of treating the statistical conceptual
framework as a variable. The traditional educational paradigm (Treatment 1) implicitly treats the statistical
content as a given: The job of education is to introduce students to as much of the established knowledge as
possible. With the more utilitarian perspective of Treatment 3-1, it is natural to consider the possibility of
changing the statistical framework itself. If the customers do not understand a concept or technique, try
something more user-friendly. With three elements of the system considered as variable, instead of just one,
the optimum configuration should be better.
For designers of commercial software packages this attitude would be accepted without thought.
Academics, however, tend to have an inertia because they are seen, in some sense, as "absolute." There is a
strong argument that this attitude is unreasonable. The development of science and other branches of
human knowledge are very much influenced by fashions and social and technological pressures of various
kinds (Kuhn, 1970). From this perspective, Treatment 3-1 is simply a reflection of changing social and
technological circumstances. These conclusions suggest two principles with specific practical corollaries-the simplicity principle and the black box principle.
The simplicity principle
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It was argued above that, regardless of the degree of intelligence incorporated into a statistical package, it
was essential that users understand the conceptual descriptions of the input and output. In addition, users
should have an understanding of the procedures implemented by the package so that they can avoid errors
and have confidence in their answers. It follows that the easier the statistical concepts and procedures are,
the better--the simplicity in question here is conceptual simplicity from the perspective of users. It is
important to ensure that users can understand what the package is doing and what the answers mean.
It is often surprisingly easy to devise simpler methods and concepts. Wood (1995) suggested that part of
the SPC (statistical process control) syllabus for the subjects of this thought experiment could be simplified
using a resampling procedure instead of conventional formulae based on probability distributions (see
Appendix 2). The advantages are that the method is more transparent; that is, users can see what is
happening and how it works without using the usual mathematical models of probability distributions. It is
a more general method because one procedure replaces a range of different models, which makes it
conceptually easier for users. It is also, perhaps surprisingly, more rigorous than the conventional approach
in many situations because the conventional formulae depend on crude assumptions (e.g., of normal
distributions) and make rough approximations (e.g., the normal approximation to the binomial when p is
small). There are also other possibilities (e.g., an alternative framework for control charts is suggested in
Wood, 1995).
In a more general context, resampling methods can be used for statistical inference (Jones, Lipson, &
Phillips, 1994; Kennedy & Schumacher, 1993; Noreen, 1989; Ricketts & Berry, 1994), and non-parametric
methods in general provide a simpler but effective approach to many problems.
The black box principle
Sometimes simplification is not possible, but the underlying ideas may be too complex for the intended
users. In these circumstances, the computer package has to be treated as a black box; that is, users do not
look inside and do not try to follow the algorithms used because even if they did it would not help them.
Academics using statistical packages for calculating p values are often in this situation.
There is a potential problem here if the black box is used incorrectly, if the output is misinterpreted, or if
key assumptions are not recognized. Two approaches to reducing the severity of this problem can be
identifed.
1. User-friendly input and output. Process capability (to return to the SPC course) is usually measured
by capability indices based on a normal model that gives a value of approximately 1 for a process
producing approximately .2% defectives (the conventional "three sigma" percentiles of the normal
distribution), and a value of about .7 for a process producing approximately 5% defectives. This statistic,
which would be the output of a package for calculating capability indices, is difficult, if not impossible, for
users who do not understand the underlying normal model to interpret accurately. (It even creates
difficulties for expert statisticians if the normal model is not realistic.)
The answer to this problem is obvious: redefine the index to make it mesh with the user's frame of
reference. For example, the package could produce an estimated "parts per million" defective which is far
easier to interpret.
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For the input, the normal distribution can easily be rewritten so that it does not depend on the standard
deviation. The standard deviation is the point at which many novices say they start to lose contact with
statistics courses. The difficulty is that the formula for calculating it is relatively complex, and it is difficult
to interpret the value of the standard deviation in a straightforward manner. Rewriting the normal tables (or
the equivalent computer package) so that the input for the spread of the distribution is based on percentile
statistics such as the quartiles or semi-interquartile range is relatively trivial (see Appendix 3). The
advantage is that users need to understand percentiles (implicitly at least) to make sense of the output, so
phrasing the input in similar terms avoids an unnecessary technicality and thus simplifies the education
process. For user groups like the SPC group, "sigma-free statistics" would be an excellent idea.
An alternative to this would be to use a Help screen to explain to users about the standard deviation or
capability indices. However, in terms of saving the user time, reducing the likelihood of errors, and
increasing the user's confidence, there is clearly no merit in this if the framework embodying the new
concepts is of equal or greater power (in the epistemological, not the statistical, sense).
2. Experimentation to compare results with intuitions and to develop intuitions about how the black
box works. "Visual interactive modelling" is an approach to modeling in operational research that involves
"meaningful pictures and easy interactions to stimulate creativity and insight..." (Elder, 1991, p. 9). It is
claimed that these models lead to a number of advantages over nonvisual and noninteractive models. The
basic principle is that users can see numerical results and graphs recalculated immediately after a change is
made. Many of the advantages claimed are relevant to novices using statistics. For example, visual
interactive modeling is said to help clients trust a solution because they can see it working on the screen and
can check that the solution changes when the input data is changed; for similar reasons, it is likely to help
clients spot obvious mistakes in models.
A spreadsheet set up to enable users to experiment with the normal distribution provides a good
example (Appendix 4; Wood, 1992). For example, the user can change the standard deviation--or another
measure of the spread--and watch the shape of the curve change. This should either confirm the user's
intuition of the standard deviation in terms of the "width" of the graph, or alert him/her to a misconception.
If the mean or the measure of spread was entered incorrectly, this would result in an obviously incorrect
frequency diagram, and (with luck) any such mistake would be noticed and corrected. Similarly, a
regression routine that allows the user to change the data and see the effect this has on the graph has
obvious advantages in terms of enabling users to acquire an intuitive appreciation of the technique.
Visual interactive modeling is, in effect, what the designers of any interactive, graphics-based computer
systems strive for. And it is a more complex goal than might be apparent on the surface. Obviously, a visual
interactive system should be easy to use and the output should be easy to interpret; it should respond
quickly to changes in the data; and it should also respond in such a way that the user can see how changes
in the input change the output.
There is a problem in that the novice may not appreciate how to use a visual interactive model for
maximum effect. Some novices will simply key in the data, look at the result, and leave it at that. The
process of experimenting to see how the model works is likely to require encouragement or education, which
is an important aspect of Treatment 3-1.
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CONCLUSIONS
This paper focused on students, or other users, whose interest in statistics is purely utilitarian; that is, they
need it as a tool for engineering, medicine, business, education, or some other field. Five suggestions were
made:
1.

A change of emphasis when designing courses and software from teaching the standard concepts and techniques

of statistics to enabling students to reason statistically with confidence and without error. The emphasis shifts from
methods of teaching "students" to the design of suitable packages for "users," who will still need education in the
background concepts.
2.

This principle means that the framework of statistical concepts and techniques behind what students learn and the

software they use should be treated as a variable and designed to make the cognitive system as user-friendly and
powerful as possible.
3.

This statistical framework should be as simple as possible. If a simpler framework is (almost) as powerful as a more

complex one from the perspective of its likely users, then the simpler framework should be used instead of the more
complex one (and not simply as an introduction to it). This means, for example, that methods based on simulation or
resampling, and nonparametric methods, are likely to be preferred.
4.

Where the technical level is likely to be daunting to students (i.e., when the previous suggestion is an insufficiently

powerful principle), the software should be treated as a black box: no attempt should be made to get students to
understand the algorithms but instead the students should be taught to develop an understanding of the role of the black
box by experimenting with different inputs and outputs. This is likely to be a generalizable and learnable skill. It is also
one that software packages can encourage or enable.
5.

The concepts in terms of which the inputs and outputs of a black box are phrased should be designed to be as

simple, user-friendly, and as few in number as possible. For example, a black box for process capability assessment that
takes the raw data as input and gives an estimated parts per million defective as output, is likely to be far more useful
than one that takes the mean and standard deviation of the data as input and gives as output a capability index whose
interpretation requires considerable expertise. These concepts must be understood thoroughly by users.
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APPENDIX 1: AN "EXPERT" SYSTEM FOR STATISTICAL DISTRIBUTIONS
The expert system in question, PROP, is a simple knowledge base built with the shell CRYSTAL. The
students were enrolled in a statistics class for business studies in a college. It was obviously not feasible to
build a system that would cover the entire area of applying statistics to real business situations, but a system
that would cover the following topics seemed viable:
•

Choosing appropriate measures of location and spread (e.g., mean, median, standard deviation).

•

Calculating measures of location and spread.

•

Choosing a suitable distribution to model a situation (e.g., normal, binomial).

•

Calculating proportions of a population in a specified range (using the appropriate distribution).

Whether such a system deserves the title "expert" is debatable. However, CRYSTAL is an excellent tool
for developing such a system.
The main problems with the prototype of this system were, in retrospect, very obvious. The users
(students in the course) had no general model of what they could use the system for, so they continually
asked questions such as "Will it do X?". The same problem arose with single items on the menu (e.g.,
students did not understand what "calculating proportions of a population in a specified range" meant in
practice). What input was required? What did the output look like? Who specified the range? And what is a
range anyway? Clearly, the students needed an image of what the system could do for them in intuitive
terms, so some teaching is necessary.
Similarly, the terms used by PROP to elicit information, such as object, population, and measurement,
were not clear to the users. And although with a certain amount of help many of the students did succeed in
obtaining answers to specific questions from PROP, they did not appreciate the importance of the
assumptions underlying the answer. The answer was correct in their minds, because it was produced by the
computer, but also mysterious to them, because they had no idea of the rationale behind it (see Wood, 1989
for further details).
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APPENDIX 2: A RESAMPLING PROCEDURE FOR DERIVING LIMITS
FOR SPC CHARTS
Resampling, or "bootstrapping," is a (computer-intensive) approach to estimating sampling error by
drawing random "resamples" from a sample of data (see, Gunter, 1991; Kennedy & Schumacher, 1993;
Noreen, 1989). Resampling can be used for estimating control limits for statistical process control charts.
The first step in producing a control chart for the mean is to calculate and plot the means of a series of
(say) 20 samples of six measurements each on a graph. The data from all these samples (i.e., 120
measurements) is then used in the resampling process. The results shown in Figures 2 and 3 were produced
by a simple computer program.
The resampling procedure works by taking random "resamples" from all the data (with replacement,
otherwise it would run out of data fairly quickly). These are called "resamples" because the samples are
being sampled again. The mean of each of these resamples is then calculated. For example, the first such
resample in one example was 1737, 1716, 1753, 1622, 1701, and 1759. The mean of this resample was
1715. The computer program then takes a large number of further resamples from the original sample of
120 measurements. For example, the first 100,000 are shown in Figure 2. In Figure 2, the 99.8% interval
goes from 1669 to 1863; the 95% interval goes from 1702 to 1816; and the median is 1753.
X represents 916 resamples; - represents fewer than this.
1547 to 1575
1576 to 1604
1605 to 1633 1634 to 1662 1663 to 1691 X1692 to 1720 XXXXXXXXXX1721 to 1749 XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX1750 to 1778 XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX1779 to 1807 XXXXXXXXXXXXXXX1808 to 1836 XXX1837 to 1865 1866 to 1894 1895 to 1923 1924 to 1952 1953 to 1981
Figure 2: Means of 100,000 resamples of 6
The purpose of resampling is to see how much these means will vary if the resamples are drawn at
random. It is then possible to compare the means of actual samples with this pattern. If the mean of a
sample is right outside the pattern of the random resamples, a reasonable conclusion is that there is a
"special cause" operating, which should be checked.
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In Figure 2, 99.8% of resample means are between 1669 and 1863, so these would form the action limits
on the control chart, which can be plotted in the usual way.
The same procedure can be applied to any statistic based on a random sample of data. It could be used
to estimate the control limits of the range chart that would normally accompany the above mean chart.
Resampling can also be used to estimate control limits for p charts. There are obvious advantages (e.g.,
increased clarity and reduced training requirements) of having one procedure that can be used in a number
of different situations.
Figure 3 shows the corresponding pattern for the ranges. Notice that this does not follow the
symmetrical normal shape. The action limits are at 23 and 492. In Figure 3, the 99.8% interval goes from
23 to 492; the 95% interval goes from 50 to 388; and the median is 152.
Statistical methods based on the resampling principle, such as the one described here, are gaining in
popularity because they have a number of advantages (Gunter, 1991; Kennedy & Schumacher, 1993;
Noreen, 1989), all of which are relevant here. Some of the advantages include that resampling methods are
more transparent and do not rely on an understanding of mathematical probability theory, and that they are
robust against inappropriate assumptions about population distributions because the only assumption made
is typically that the sample is an adequate surrogate for the population for the purpose of estimating
sampling error (see Wood, 1995 for further details).
X represents 385 resamples; - represents fewer than this.
0 to 28 29 to 57 XXXXXXXXXXX58 to 86 XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX87 to 115 XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX116 to 144 XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX145 to 173 XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX174 to 202 XXXXXXXXXXXXXXXXXXXXXXX203 to 231 XXXXXXXXXXXXXXXXXXX232 to 260 XXXXXXXXXXXXXXXXX261 to 289 XXXXXXXXXXXXX290 to 318 XXXXXXX319 to 347 XXXXXXX348 to 376 XXXXXX377 to 405 XXX406 to 434 XX435 to 463 X464 to 492 493 to 521 522 to 550

Figure 3: Ranges of 100,000 resamples of 6
APPENDIX 3: NORMAL TABLES BASED ON QUARTILE STATISTICS
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APPENDIX 4: A SPREADSHEET MODEL OF THE NORMAL DISTRIBUTION
Figure 4 is a screen from a Quattro Pro spreadsheet set up to plot a normal distribution and calculate the
probability of a value being in a specified range. The user need only enter appropriate figures in the
shaded cells, and then the probability (95.5%) will be calculated and the graph drawn. Any of the figures
can be changed, and the probability will be recalculated and the graph redrawn. (The formulae are on a
different part of the worksheet which the user has the option of examining.) A similar spreadsheet could be
set up using quartiles as input in place of the standard deviation (see Wood, 1992 for further details).

Figure 4: Spreadsheet model of normal distribution
2
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23. DISCUSSION: HOW TECHNOLOGY IS CHANGING THE
TEACHING OF STATISTICS AT THE COLLEGE LEVEL
Carol Joyce Blumberg
Winona State University

This summary will be organized into four parts: (1) a synopsis of the comments made by participants
during the entire group discussions after the paper presentations; (2) a synopsis of a small group discussion
on technology and post-secondary education issues; (3) a list of recommendations regarding technology
and teaching/learning at the post-secondary education issues that is based on the five papers and
discussions; and (4) a list of research recommendations based on the five papers and discussions.
SYNOPSIS OF PARTICIPANT COMMENTS
Several comments following the presentations concerned how difficult it was for students to understand
the subtleties involved in correlation coefficients and confidence intervals. Related to this were comments
about the importance of assumptions and the concepts of efficiency and power and how much should be
discussed in introductory level courses with respect to these topics. There was also a discussion of the role
of formulas and the practice of providing formulas only after students have had experience with the
concepts via technology or other activities.
The dilemma of whether to use one large dataset for an entire course or several small datasets was
discussed. One participant felt that the analysis of real data was not an end in itself, but a way to illustrate
and motivate statistical concepts. A disadvantage of using the same dataset throughout a course is that there
will be students who may not be interested in the context of that dataset.
There was a discussion regarding the rapid improvements being made in technology, resulting in the fact
that the number of people having access to the Internet is growing exponentially. It was mentioned that,
worldwide, better interfaces between computers and telephones need to be developed and that language
translators need to be developed in order to make Internet resources available in many languages.
Discussions also centered around the use of “black box” systems for teaching and doing data analysis.
Several participants expressed mixed feelings about this. One participant said that you can train a monkey
to use a black box system, but the monkey cannot make intelligent decisions. On the other hand, many
aspects of statistical computing packages are already taught as black boxes without the users knowing where
the formulas come from or without even being given the formulas and/or algorithms that produced the
computer output. It was also mentioned that black box models need to be readily understandable, especially
when used to teach people with no background in statistics. Another participant pointed out that black
boxes sometimes work better than people. One participant pointed out that there are not only white and
black boxes but intermediate gray ones. The teacher needs to decide what should be white, gray, or black.
There were also some questions by participants as to what managers need to know in terms of statistics
and quality control. In particular, do they need to know hypothesis testing procedures, such as t-tests, and
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how much do they need to know about control charting, capability studies, and trouble-shooting using
statistical analyses? There was also some discussion of the advantages and disadvantages of resampling
methods.
WORKING GROUP DISCUSSION
The small group discussion on post-secondary issues took place the last morning of the conference. The
six participants all teach or have taught at the university level. Many of the ideas summarized below were
unanimous, but several were by consensus and not unanimous. The main goal of the discussion was to
make recommendations, although the discussions covered a wide variety of topics.
Before providing recommendations, the group felt that it was important to give a statement of the
discussion group’s philosophy. This philosophy statement helps explain some of the rationale behind the
recommendations, and states:
At present syllabuses tend to be overcrowded and ineffective. We think that syllabuses should be as simple
as possible given:
•

The purposes of the students for enrolling in statistics courses.

•

The available technology.

•

The abilities of the students.

The group also discussed ways in which technology can be used. In particular, technology can enable:
•

Instructors to rethink content (basic ideas, new ideas).

•

Learning to be more active.

•

Learning to be more utilitarian.

•

Sharing of knowledge (Internet, etc.).

The group’s recommendations in terms of teaching and learning were:
•

We need to rethink content.

•

Curricula need to be developed independent of a particular platform.

•

We must develop intelligent partnerships between students and technology.

•

The role of probability needs to be examined.

The group’s research recommendations were:
•

More long-term research programs need to developed. A few already exist and some examples are
given in other parts of these proceedings.

•

We need to find out what particular disciplines really use and want taught.
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RECOMMENDATIONS
As indicated in the beginning of this summary, the recommendations will be broken down into two
groups: those that deal with teaching and learning and those that deal with research. Although these
recommendations are given here in the context of post-secondary education, many of them are applicable
at the primary and secondary levels as well.
The sources of these recommendations will be given in parentheses after each recommendation. When
the phrase “large group discussion” is used it refers to the discussions that took place at the conference
after each of the individual presentations. Also, the word technology is used throughout these discussions
to mean more than calculators and computers. It can include, but is not limited to, such diverse technologies
as paper-and-pencil (see the paper by Jones), radios, videos, and compact discs.
Recommendations on teaching and learning
1. It is important to always think about the customers being served (usually the students and their present
or future employers) when designing curricula both in terms of topics taught and the use of technology.
The teacher, the students, or both, may use technology. (Sources: All of the papers in this Section and the
large and small group discussions.)
2. The actual topics taught and depth of instruction must be rethought in light of the available
technology. In particular the role of probability needs to be examined carefully. (Sources: All of the papers
in this Section and the large and small group discussions.)
3. Curricula developers should try to develop the materials that use computers or calculators to be
independent of a particular platform or calculator. They must also take into account that students and
teachers often will not have access to the latest technology. (Sources: Jones, Rossman, Starkings, and the
large and small group discussions.)
4. Curricula developers should take into account that at the post-secondary level students within a class
often have a wide variability in background in terms of probability, statistics, and technology. (Sources: All
of the papers in this Section and the large and small group discussions.)
5. Intelligent partnerships between students and technology need to be developed. In particular, students
need to understand that just because a piece of technology gives them an answer, the answer may not be
correct, for a variety of reasons. (Sources: All of the papers in this Section and the large and small group
discussions)
6. Teacher training in post-secondary institutions needs to incorporate the use of new technologies both
initially and subsequently (e.g., offering in-service workshops and courses for teachers). In areas where
repair service is not readily available, repair methods should also be taught. (Sources: Starkings and the
large group discussions.)
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7. The distinction between statistical significance and practical significance must be emphasized,
especially when technology is being used as a black box. (Sources: Rossman and Wood.)
8. More researchers should make their data readily available on the World Wide Web. (Source: Snell.)
9. The ISI and other organizations (both statistical and nonstatistical) should play a prominent role in
helping developing countries and poorer areas within other countries gain greater access to technology.
(Source: The large group discussions.)
Research recommendations
1. More long-term research projects need to be developed. These may be in terms of particular
curricula, on how students learn particular topics in the presence of technology, or on how to best teach
particular topics in the presence of technology. (Sources: All of the papers in this Section and the large and
small group discussions.)
2. Funding needs to become more available for long-term research projects. (Source: The large group
discussions.)
3. For uses of technology that seem to work well, it needs to be determined why they work well. (Source:
The large group discussions.)
4. Research should be conducted on how to develop intelligent partnerships between the user and
technology. These partnerships are in the context of statistics teaching and learning and in the context of
data analysis in the workplace. (Sources: All of the papers in this Section and the large and small group
discussions.)
5. More research should be conducted to investigate how the use of various forms of technology can
increase students’ intuition, knowledge, understanding, and higher-order thinking skills for specific
probability and statistics topics, and in general. (Sources: Jones and Rossman and the large group
discussions)
6. More and better methods of assessment need to be developed to measure all aspects (both in the
cognitive and affective domains) of probability and statistics learning and teaching in the presence of
technology. (Sources: Jones, Rossman, Starkings, and the large group discussions.)
7. Research should be conducted to determine for specific topics, as to how and when paper-and-pencil
technology, calculators, larger scale computing devices, and other technology should be used by students.
(Sources: Jones, Rossman, Wood, and the large group discussions.)
8. Research should be conducted to determine if, when real data are used, students prefer one large
dataset as the basis for a course or several different datasets. (Sources: Rossman and the large group
discussions.)
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9. More research should be conducted to determine what students learn when doing simulations.
(Source: Rossman and the large group discussions.)
10. It is important to find out what statistical knowledge various disciplines use and what topics and
technology they want taught. (Sources: Wood and the small group discussion.)
11. “Solar-powered” graphing calculators with statistical capabilities need to be developed for use in
areas where electricity and/or batteries are not readily available. (Source: Starkings.)
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24. LEARNING THE UNLIKELY AT DISTANCE
AS AN INFORMATION TECHNOLOGY ENTERPRISE:
DEVELOPMENT AND RESEARCH
Jane Watson, University of Tasmania
Jeffrey Baxter, Australian Association of Mathematics Teachers, Inc.

Research and development (R&D) is an integral part of successful industrial and “big business”
practice and expansion. Although there is a similar nexus espoused in education, there is, at best, a tenuous
link between most educational practice and theoretical constructs. Even where those links exist, the
construct itself may be the only aspect to be subject to thorough academic scrutiny; the “practice”
resulting from the construct is not always examined in ways that lead to the construct being progressively
enhanced. The rapid rise and expansion of technology, particularly computer technology accessible in the
classroom, imply a change-of-practice imperative. Development itself needs to be followed by research to
test the efficacy of innovation within practice. Nowhere is this more pressing than in the field of statistics
education, where technological innovations abound, indeed are implicit, in continuing development. A
good feeling about an innovation is not enough to indicate its validity in terms of producing change.
The purpose of this paper is to explore the reverse juxtaposition--development and research (D&R)--of
the expanding use of technology in teaching and learning statistics. The context for the discussion is an
Australian experience associated with a professional development project for teachers in the area of Chance
and Data. The reversal of order is significant in this context due to the necessity for development of
technologies before their impact can be assessed. The technological innovations relate, first, to the delivery
of professional development content to teachers separated by distance and, second, to the multimedia
preparation of content. The purpose of this discussion is to address the evaluation of innovation in an
acceptable research framework. First, the development of a multimedia program for teacher professional
development will be described. Then a research model for evaluating its effectiveness will be advanced.
DEVELOPMENT
The need for the development of a package for the professional development of teachers of probability
and statistics is based on reports from several sources. Callingham, Watson, Collis, and Moritz (1995), for
example, found differences in perceptions of the use of statistics and in personal confidence in teaching
statistics among male and female and primary and secondary teachers. Greer and Ritson (1993) found
teachers at all levels in need of in-service training in data handling. Because statistics is a new area of the
mathematics curriculum, it is acknowledged that there is a need for content knowledge, as well as teaching
method and experience with new technologies to assist student learning, particularly at the middle school
level.
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From July, 1994 to April, 1995, the Department of Employment, Education and Training (DEET) in
Australia funded a professional development project run by the Australian Association of Mathematics
Teachers, Inc. (AAMT) to explore the provision of statistics education for teachers separated by great
distances in Australia. The project was titled “Learning the Unlikely at Distance as an Information
Technology Enterprise” and shortened to LUDITE. Although the term “unlikely” may appear to reflect
probabilistic content, the project was aimed at both the Chance and Data components of the Australian
mathematics curriculum (Australian Education Council, 1991, 1994). This aspect of the program followed
an earlier AAMT DEET-funded project that provided materials for professional development workshops to
disseminate the content of A National Statement on Mathematics for Australian Schools (Australian
Education Council, 1991). The MathsWorks: Teaching and Learning Chance and Data workshop (Watson,
1994b) produced for this earlier project was the basis for initial planning in the LUDITE project. It
consisted of 10 modules to be used in face-to-face workshop settings with teacher and/or parent groups.
Although not intended as a course to cover all aspects of Chance and Data, the modules provided activities
to motivate further interest and learning.
The LUDITE project produced four satellite television narrowcasts to schools in two states to test
available television technology. The programs were interactive to the extent that schools could reply by fax
or telephone to requests made by presenters during the program. Several other aspects of information
technology were explored during the series, including the telecast of prepackaged videos. Australianproduced television news stories were purchased and two videotapes were professionally produced for the
project--one showed a grade 5 class conducting a simulation activity and one demonstrated how to set up a
school-based computer network. A Ford motor company television advertisement and excerpts from
Statistics: Decisions through Data (Moore, 1992) were also shown. Although it was not possible to show
Microsoft Powerpoint slides from the studio computer over the narrowcast network, a laptop computer was
connected to demonstrate the linkage to a network and the ability to use bulletin boards and simulation
software. For two narrowcast sessions, four teachers came to the studio to carry out the activities prepared
for teachers; this assisted the presenters in judging the amount of time to be off air for local interactive
work. In the last session, a panel discussed curriculum issues and encouraged similar discussion in the
schools. Evaluation of the project was made not only by the presenters in the studio (Watson, Baxter, Olssen,
& Lovitt, 1996) but also by a three-member team at various receiving sites (Palmer, Probert, & Brinkworth,
1995).
Although the reaction of teacher participants who viewed the narrowcasts live and conducted activities in
their schools was positive in terms of the content, the presentation, and the limited interaction (Palmer et al.,
1995), it was impossible to determine exactly how many schools viewed the telecasts. This was related to
several difficulties with using the satellite system. Although over 2,000 schools possessed satellite dishes,
only a small percentage of these were operational. Difficulties with booking time by an outside agency (the
AAMT ) meant that each of the four narrowcasts was transmitted at a different time of day. This made
planning in schools difficult. The lack of ability of the presenters to see the participants was a further
drawback and some schools were reticent in using the telephone and fax lines for communication.
At the conclusion of the LUDITE project, it was evident that a technology other than satellite television
needed to be used for professional development and that a more complete set of support materials was
required. From July, 1995 to April, 1996, a second stage of the project was funded under the expanded title
“Learning the Unlikely at Distance Delivered as an Information Technology Enterprise” (LUDDITE). The
two significant changes in the second year were the use of videoconferencing for dissemination and the
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provision of a set of multimedia materials to be used for the equivalent of a 30-hour professional
development program. The videoconferences introduced and motivated the use of the multimedia package.
The multimedia package included the text, Statistics: Concepts and Controversies (Moore, 1991),
extracts from the Statistics: Decisions through Data video series (Moore, 1992), software to conduct
probability simulations (Konold & Miller, 1992b), and data analysis (Konold & Miller, 1992a), and a
hypertext documentation readable by Netscape or a suitable browser. The hypertext front page included a
table of contents and provided other relevant administrative information and links to resources. The main
structure and sections are shown in Figure 1, which is a screen dump of the hypertext, read using Netscape.
There were also links to Australian and United States curriculum documents (Australian Education Council,
1991, 1994; National Council of Teachers of Mathematics, 1989). The package was intended to cover all
aspects of teaching Chance and Data in the middle school years.

Figure 1: Structure of the LUDDITE materials
The videoconferencing was conducted from a hub established through the Technical and Further Education
(TAFE) system in Australia, based in Adelaide. Technical difficulties, however, prevented a link from being
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established to Tasmania (the site of the first author). Hence, it was necessary for her to travel to Adelaide for
each videoconference with mainland Australian sites: Adelaide, Alice Springs, Brisbane, Mount Gambier,
Perth, and Townsville (shown in Figure 2). Separate sessions were also arranged from Hobart on a
University of Tasmania system to a single site within Tasmania (Burnie, 400 km from Hobart). Five sessions
were held from the Adelaide hub and six between Hobart and Burnie. Except for slight changes due to
Easter breaks in schools, sessions were scheduled for between one and two hours at two-week intervals
beginning in February, 1996. The number of participants at the six mainland sites varied from two to six
depending on the week; at Burnie 10 teachers in the region were invited to participate.

Townsville
Alice Springs
Brisbane
Perth
Adelaide
Mt Gambier
0

1000

2000

Scale (km)

Burnie
Hobart

Figure 2: Sites for LUDDITE videoconferences throughout Australia
Detailed evaluation of the LUDDITE project is given elsewhere in terms of the reactions to the
videoconferencing and hypertext (Watson, 1996). With reference to the multimedia materials, once
frustrations with the installation of software were overcome, reactions to the hypertext were generally
positive. Some participants experienced initial difficulty navigating the hypertext but introduction to the
Back button and Go menu helped, as did discussion of the different mental models readers of hypertext
may be using (Jih & Reeves, 1992). The text and video were thought appropriate by teachers of grades 5
to 9, the target group for the LUDDITE project. A color-coded hard copy of the hypertext documentation
was provided and was considered a good backup for nonscreen reading of content. It was interesting that
cognitive preferences led some first to explore the text, some the hypertext, some the video and some the
software. This was determined by the availability of equipment only to a small extent.
The participants and presenters became more comfortable with the videoconferencing as the sessions
progressed. One advantage of the system is that the videoconferencing links use telephone cabling, which
allows access to over 3,000 sites. A weakness, however, is that video transmission is reduced to
approximately seven frames per second, only about 25% of the normal television transmission rates in the
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Australian Pal-D standard. This meant it was not realistic to show video material because of low frame rates.
However, from Adelaide it was possible to transmit computer screen images directly; hence, software
demonstrations were possible. Participants could work on their own computers in the local studios with the
presenters; this was a particularly popular aspect of the videoconferences. Overall, it was felt that
videoconferencing was more successful than satellite television because of this and the “face-to-face”
interaction.
The next stage of the LUDDITE project will produce a CD-ROM with improved or elaborated
discussions based on feedback from participants in the 1995-96 project. The CD-ROM will include
expanded software documentation, revised presentation of news media materials, and computer-based video
clips. At the same time, electronic mail communication with the presenters will be introduced, and
certification from a university for those desiring a postgraduate qualification in statistics education will be
offered. At the end of the third stage of the project, it is hoped that a product will be available that will
provide a multimedia presentation of materials that is accessible anywhere in Australia (with computer
facilities) and a link to the presenters that can be accessed by teachers at all times, rather than at fixed
intervals in fixed locations.
There are many questions that arise at each stage of a pilot project such as this. How much evaluation
can be done within the time frame of the project’s funding? What kind of evaluation is adequate to predict
what will happen if a school system implements the professional development program? What equity issues
are involved in terms of schools’ and/or teachers’ ability to access the equipment necessary to take part in
multimedia projects? What limits exist in the technology and are these detrimental to communicating the
professional development message (e.g., the limitations of videoconferencing in comparison to what is seen
on television news and cross-continent talk-back programs)? Although longitudinal monitoring would seem
warranted to follow changes in teacher behavior, student outcomes, and technological access by systems, it
is impossible within the yearly funding structure of DEET projects.
These issues lead to the acknowledgment of a need for a research model for assessing the effectiveness
of a multimedia professional development package within an operating educational system. The rest of this
paper focuses on evaluating outcomes for teachers and students as a result of technology-based
professional development rather than on the technological issues themselves, although these may affect the
implementation of a professional development program.
RESEARCH
Although projects such as the three-stage one funded by DEET demonstrate that it is possible to create
and deliver professional development in statistics education to teachers using the current information
technologies, this is only the first step in achieving change in the delivery of the curriculum across a
country as vast as Australia. Although teachers who participated in the pilot trials were positive in their
feedback, they were volunteers who had some motivation to increase their knowledge of chance and data
and/or their experience with new technologies. Their responses may not be typical of teachers across the
country. What is needed is a genuine, monitored trial of the materials in a system willing to recruit
nonspecialist teachers for a planned professional development program and to ask these teachers and their
students to participate in the measurement of variables before and after to assist in detailed assessment of
the effectiveness of the program.
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The model to be proposed to evaluate the effectiveness of the professional development is different from
that used previously by others to investigate methods of improving student outcomes in relation to
classroom methodology and experiences. Previous experimental or quasi-experimental designs imposed a
teaching method on students, often with the teaching delivered by the researchers or specially selected
expert teachers (e.g., Campbell & Stanley, 1963). In such research, it was often difficult to ascertain whether
factors other than those controlled for had influenced outcomes, and little information was available on
what would happen if ordinary classroom teachers tried to implement such methods, particularly if the
teachers lacked the knowledge, confidence and enthusiasm of the researchers or hand-chosen teachers.
Figure 3 shows that classroom teachers were only involved after the research was finished. Although there is
an indication that research of the type carried out under the model in Figure 3 benefits those children
involved in the research project (e.g., Yackel, Cobb, & Wood, 1992), there is an absence of evidence that the
methods are used outside of the research environment in classrooms on a regular basis.
Traditional classroom intervention by researchers:
Methodology tested on students and reported to teachers
Researchers
develop
technique

Technique
reported to
teachers

Technique
pilot tested

Student
performance
(pre-test)

Student
performance
(post-test)

Figure 3: Traditional research model
There is a plethora of literature suggesting innovative methods of providing professional development
for mathematics teachers (e.g., Aichele & Coxford, 1994; Nolder & Johnson, 1995; Redden & Pegg, 1993),
and even more for teachers of probability and statistics (Green, 1992). Far fewer reports, however, mention
evaluations that have found long-term measurable changes, and those that do often describe changes in
teacher attitude rather than changes in content knowledge or student outcomes. Laing and Meyer (1994),
for example, looked at comfort level and class time spent on topics by teachers; Watterson (1994) used
samples of children’s work to confirm teachers’ continued use of investigational approaches. No studies
could be found in the mathematics education literature that reported measuring student and teacher
outcomes as suggested below. Green (1992) reports none in his review of the data handling literature and at
the same time makes a plea for longitudinal research. One of the major reasons that a rigorous method of
evaluation is required is that there is some evidence indicating that even the most well-intended professional
development for teachers may not lead to changes in teacher practice (e.g., Thompson, 1989).
The proposed research model would involve the recruitment of classroom teachers with no special preexisting expertise in Chance and Data. They would be involved in the program of professional development
based on the LUDDITE multimedia materials. The specific teaching methodology and syllabus to be used
in classrooms would be decided by the classroom teachers participating in the research, rather than imposed
by the researchers. It is our belief that teachers are in the best position to make decisions to facilitate their
students' learning if they have adequate preparation. Hence, the professional development provided to the
teachers seeks to anticipate teachers’ needs and allow teacher-input where they felt necessary to choose the
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direction of the training. This more complex model is shown in Figure 4. The provision of a multimediabased professional development package (e.g., LUDDITE) is the major component of the input in the first
row of the model in Figure 4. Valid ways of monitoring the potential changes that take place in the
behaviors and/or beliefs of the teachers and in the outcomes achieved by their students in relation to their
Chance and Data curriculum are also needed. Some suggestions for how this might be done will be outlined
below, based on previous experience and research carried out in Australia in recent years.
Intervention at the professional development level to
influence teacher action in the classroom
Researchers develop
methodology and
professional development
program

Researcher-Teacher
interaction with
professional development

Teacher attitudes/
concepts/methodology
(current)

Teacher attitudes/
concepts/methodology
(revised)
Student
performance
(before)

Student
performance
(after)

Figure 4: Monitored professional development model for obtaining classroom change
Teachers
The evaluation of teacher change referred to in the second row of Figure 4 could be based on profiles of
the characteristics associated with the teaching of chance and data. These would be monitored using teacher
interviews and written questionnaires and include the following: confidence in teaching particular topics,
opinions on the social uses of statistics, academic experience in statistics, previous professional development
in Chance and Data, exposure to documents related to the implementation of the Chance and Data
curriculum, years of teaching experience, methods of teaching Chance and Data in general, methods of
teaching about average, methods of teaching about sampling, and responses to selected items answered by
students.
Most of these variables are self-explanatory. The opinions on social uses of statistics could be gauged
from scales such as one developed by Gal and Wagner (1992). Figure 5 provides four examples from the
Gal and Wagner scale. These items ask for responses of agreement or disagreement on a Likert-type scale.
The types of items that could be used for responses to student answers are shown below (see Figures 6-8).
Initial data available from previous Australian research indicate that there are differences in perceptions of
the use of statistics in society and in teachers' confidence in teaching Chance and Data topics among male
and female and primary and secondary teachers, with some groups’ responses causing concern to the
researchers (Callingham et al., 1995). Other research (Callingham, 1993) also indicates that teachers’
understanding of the fundamental concept of arithmetic mean is lacking--many were unable to apply it
outside a straightforward calculation context.
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Personal statements:
• I can easily read and understand graphs and charts in
newspaper articles.
• I could easily explain how an opinion poll works.
Society statements:
• You need to know something about statistics to be an
intelligent consumer.
• People who have contrasting views can each use the same
statistical finding to support their view.

Figure 5: Examples of items from Gal and Wagner (1992)
In the Australian context, the transcripts of teacher interviews and of the written questionnaires, available
from 72 teachers from Kindergarten to Grade 10 from all seven school districts in Tasmania, are being
analyzed by NUD•IST (Qualitative Solutions & Research, 1992), a language analysis software program that
categorizes verbal responses. Quantitative statistics are also being used when appropriate. The qualitative
and quantitative variables are being combined to develop a profile of teacher attitude, competence, and
behavior in relation to the SOLO Taxonomy (Biggs & Collis, 1982, 1989, 1991; Collis & Biggs, 1991).
This model, which describes levels of sophistication (from unistructural to multistructural to relational), is
an appropriate model for structuring the observations of teacher outcomes in relation to most of the factors
related to the teaching of Chance and Data. Pegg (1989) has previously used the SOLO model to consider
the structure of classroom lessons, and it is expected that the dimensions in the profile will include attitudes
(affective domain), concepts (cognitive domain), teaching methodology and previous experience. The
SOLO model is being used for at least two of the dimensions (concepts and methodology).
The results of this part of the analysis of existing teacher data are being considered in relation to other
sources, such as the National Competency Framework for Beginning Teaching (National Project on the
Quality of Teaching and Learning, 1996) and the Professional Standards for Teaching Mathematics
(National Council of Teachers of Mathematics, 1991), in order to develop a total profiling model. The
NPQTL project produced a framework for considering the competence of beginning teachers. Following
this, a framework for practicing teachers will be proposed. The five areas in the framework reflect many of
the aspects highlighted in the previous research referred to above; that is, using and developing professional
knowledge and values; communicating, interacting and working with students; planning and managing the
teaching and learning process; monitoring and assessing student progress and learning outcomes; and
reflecting, evaluating, and planning for continuous improvement. These factors, as well as those mentioned
above, provide a foundation from which the teaching of chance and data can be examined.
Overall, there is a need to monitor teacher change in both the short term and the long term. Many
factors are involved and methods such as those described here are likely to be required to develop a
complete picture of the nature of change.
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Students
The assessment of change in student performance shown in the third row of Figure 4 could be
conducted using pretests and posttests, and, in the Australian context, the data base provided by previous
research. It would be possible to assess student outcomes from the classes of the teachers involved in the
project using a short answer/multiple choice questionnaire and a media survey. These instruments were
developed as part of an earlier research project, in which an extensive longitudinal study of students in
Tasmanian schools in relation to the Chance and Data part of the mathematics curriculum was conducted
(Watson, 1992, 1994a; Watson & Collis, 1993, 1994; Watson, Collis, & Moritz, 1994, 1995). This was the
first study of its kind in Australia and contributed to our knowledge of how students develop an
understanding of the concepts in the field over time. The study began just as the Guidelines for Chance and
Data K-8 were being released into Tasmanian state schools, which reflected national curriculum changes in
mathematics (Australian Education Council, 1991; Department of Education and the Arts, 1993). Schools
in all seven districts of the state system were surveyed and student outcomes data for the first two years of
the curriculum implementation is available. Analyses are being conducted using NUD•IST in association
with the SOLO model, as well as t-tests for longitudinal paired and unpaired comparisons. The norms for
student understanding developed from this project would provide the benchmark in Australia for
monitoring student outcomes in the evaluation of the overall model in Figure 4. It would be possible to
make comparisons with other students in the same grades and to make judgments of the improvements
made by students over the period of their teachers' involvement in the project.
The items to be used with students would include some used by other researchers (e.g., Fischbein &
Gazit, 1984; Konold & Garfield, 1992; Pollatsek, Well, Konold, Hardiman, & Cobb, 1987) to explore basic
concepts. Three exemplary items from this other research that have been used previously (Watson et al.,
1994, 1995a, 1996) are shown in Figure 6. These items cover luck, intuitive conditional probability, and an
understanding of average. Items that explore basic concepts are shown in Figure 7 (Moritz, Watson, &
Pereira-Mendoza, 1996). Because of the application of the Chance and Data content in a social context
(Australian Education Council, 1991), items from the media would monitor another important aspect of the
teaching of the curriculum. The two items shown in Figure 8 illustrate the concepts that could be monitored
(Moritz, Watson, & Collis, 1996; Watson et al., 1995b). The items chosen would reflect the five components
of the curriculum as covered in the five sections of the LUDDITE materials noted in Figure 1.
Application of the model
Evaluating the model in Figure 4 requires a system setting in which the professional development could
take place and be monitored. Such a system exists in Tasmania, provided funding could be supplied by the
schools for the professional development and by another agency for a research project to conduct the
monitoring process. A feasible research project would include 40 or more grade 5-9 teachers (two each
from 20 or more schools). These teachers would negotiate and participate in a professional development
program based on the LUDDITE materials and run by an expert teacher in the system. Depending on the
education system and the distances involved, the use of satellite television or videoconferencing might assist
delivery. A three-year project would appear necessary to follow through the evaluation of a multimedia
professional development program.
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Every morning, James gets out on the left side of the bed.
He says that this increases his chance of getting good marks.
What do you think?
Please estimate:
(a) The probability that a woman is a school teacher.
(b) The probability that a school teacher is a woman.
To get the average number of children per family in a town,
a teacher counted the total number of children in the town.
She then divided by 50, the total number of families.
The average number of children per family was 2.2.
Tick which of these is certain to be true.
(a)Half of the families in the town have more than 2 children.
(b)More families in the town have 3 children than have 2 children.
(c)There are a total of 110 children in the town.
(d)There are 2.2 children in the town for every adult.
(e)The most common number of children in a family is 2.
(f)None of the above.

Figure 6: Examples of items from other research

If someone said you were “average”, what would it mean?
What things happen in a “random” way?
If you were given a “sample”, what would you have?

Figure 7: Items to explore basic concepts
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North at 7-2
But we can still win match,
says coach
What does "7-2" mean in this headline about the North against
South football match?

Give as much detail as you can.

From the numbers, who would be expected to win the game?

Decriminalise drug use: poll
SOME 96 percent of callers to
youth radio station Triple J have
said marijuana use should be
decriminalised in Australia.
The phone-in listener poll, which
closed yesterday, showed 9924 out of the 10,000-plus callers favoured decriminalisation, the
station said.

Only 389 believed possession of the
drug should remain a criminal
offence.
Many callers stressed they did not
smoke marijuana but still believed in
decriminalising its use, a Triple J
statement said.

What was the size of the sample in this article?
Is the sample reported here a reliable way of finding out public
support for the decriminalisation of marijuana? Why or why not?

Figure 8: Examples of media items
It is likely such a program would require five or six release days from school over the first year of the
project. Although the participants might generate ideas during the professional development program, the
main emphasis would be on the planning and execution of a classroom Chance and Data program during
the second year. The teachers would be interviewed in relation to the profile described earlier at the
beginning of the project, during the second year, and again in the third year, to evaluate long-term ability
to sustain change. Students in the teachers’ classes would be pretested and posttested using the content
instruments such as those described above, at the beginning and end of the second year of the project and
again in the third year to examine long-term retention of concepts. Affective feedback could also be sought
from students. This could be done in an open-ended fashion and analyzed using NUD•IST.
The benefits of such a research program for the system involved include the following in Australia:
1.

There is a good multimedia professional development program for its teachers due to the DEET-funded
projects that produced and evaluated the materials.

2.

There is the opportunity to monitor change and assess the effectiveness of the program in terms of teacher beliefs,
behavior, and knowledge, and student outcomes--something that the literature
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illustrates rarely happens in practice.
3.

There may be the opportunity to apply the evaluation model to other areas of the school curriculum.

It is expected that other countries have professional development packages similar to LUDDITE that
could be used as a basis for engaging in similar research to assess the effectiveness of multimedia
professional development programs.
CONCLUSION
The need for “development” in the area of information technologies for the delivery of professional
development to teachers of chance and data, particularly in countries where distance is a mitigating factor, is
almost universally acknowledged. The need for “research” to evaluate the effectiveness of such programs
has been virtually ignored. As well as describing the development of a technology-based professional
development package, this paper has presented a model for assessing the effectiveness of a professional
development program using profiles of teachers and outcomes of students. It is hoped that both the systems
and the funding can be found to put the scheme into practice in Australia, and that similar models for
research will be used in other countries that have newly devised multimedia professional development
programs to meet curriculum demands. In fact, what we are proposing is an R-D-R model that effectively
uses both theoretical research and professional development packages to lead to further research (see
Figure 9). This incorporates both the R&D and D&R needed to improve the statistics education of our
students.

Theoretical
RESEARCH in
Chance and Data

DEVELOPMENT of
multimedia professional
development package

Applied RESEARCH
to assess professional
development and change

Figure 9: “R-D-R” continuing model
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A VIEW FROM A DEVELOPING REGION
Michael J. Glencross & Kamanzi W. Binyavanga
University of Transkei

INTRODUCTION
Although statistics education has been a concern of statisticians for over a century, it was only following
the establishment of the Educational Committee within the International Statistical Institute at the end of
1948 that serious efforts began to stimulate international research and debate on the needs for education
and training in statistics, as well as measures and programs to meet these needs. A detailed survey of how
actively this committee and its recent successor, the International Association for Statistical Education, took
up this challenge appears in Vere-Jones (1995).
In this paper, we examine the role of technology in statistics education from the viewpoint of a
developing country. We begin with a brief overview of the developing region in question. We next provide
a definition of statistics education which, in our view, may be used to identify in general who needs statistics
education, who should provide it, and at what level statistics education should begin.
The role of statistics education is explored in relation to three broad areas where it plays an important
role, namely, in business and industry, some aspects of government, and overall socioeconomic and
scientific progress. Following this, technologies for effective teaching and learning statistics at different
levels are explored. This paper ends with a discussion of the questions to be addressed regarding the role of
technology in statistics education. Recommendations for research are suggested, especially in relation to
developing regions.
BACKGROUND
South Africa is a multicultural, multiethnic, and multilingual country. Since April 1994, it has moved
from being a country with 4 provinces, 2 official languages, and 19 education departments, to a country
with 9 provinces, 11 official languages, and 9 provincial education departments within a new integrated
national education system. The new education system aims to provide "equal opportunities to all
irrespective of race, colour, sex, class, language, age, religion, geographical location, political or other
opinion" and is directed toward "the full development of the individual and the community" (African
National Congress, 1994, p. 60). At the national level, there is now a single, unified ministry of education
whose overall assignment is "to set national policies, norms and standards throughout the system" (African
National Congress, 1994, p. 61), but which includes the particular responsibility for tertiary education (i.e.,
post-secondary education), but the nine provincial education departments are responsible for all aspects of
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primary and secondary education. At present, all pupils who complete 12 years of schooling write
matriculation examinations set either by one of the provincial education authorities or by the Independent
Examinations Board. A recently published government white paper (Department of National Education,
1995) has proposed significant changes in the education system and its examination structures, while the
entire school curriculum and the numerous subject syllabi are currently in a process of revision.
Statistics, with some introductory elements of probability theory, has been taught in South African
schools for a number of years. It has not appeared as a separate subject at either the primary or the
secondary school level because it forms part of the mathematics curriculum. During the 1980s, proposals
were made for a revised mathematics curriculum that included a coherent program of statistics and
probability at all levels from Standard 5 (Grade 7) to Standard 10 (Grade 12) (Juritz, 1982). Unfortunately,
these proposals were never implemented, despite the supporting recommendations from the South African
Statistical Association, the South African Mathematics Society, and the Association of Mathematics
Educators of South Africa.
The present situation is that the provision of statistics within the school system is noticeably unbalanced.
At the primary school level, the new syllabuses for Standards 3 and 4 (Grades 5 and 6) include the topic,
“Graphical representation and interpretation of relevant data,” which focuses on gathering and presenting
information and involves simple pictorial graphs, column or bar graphs, and pie charts. In junior secondary
schools [i.e., Standards 5-7 (Grades 7-9)], items of statistics and probability taught include the collection,
presentation, and interpretation of data; the calculation of the mean, median, and mode, and simple
measures of dispersion (range and mean absolute deviation); as well as elementary ideas of probability of
equally likely outcomes and mutually exclusive events. For the equally likely outcomes model, teachers are
encouraged to use experimentation with dice, coins, and so on, although the more formal view of
probability of events in discrete sample spaces is also included.
There is no mention of statistics or probability in the new syllabi for Standards 8-10 (Grades 10-12),
although some compensation is offered in the form of a statistics and probability option in the Standard 10
(Grade 12) Additional Mathematics syllabus. As its name suggests, this is a more advanced course in
mathematics, but historically only a small proportion of students take the course. Clearly, the teaching of
statistics at school level in South Africa appears to share the same approach as some of the European
countries reviewed by Holmes (1994).
At the tertiary level, specialist statistics courses up to at least first degree (bachelor) level are offered by
most of the 21 universities in the region, with the better endowed institutions offering MSc and PhD
programs. Courses in applied statistics are also provided for students pursuing majors in education,
psychology, sociology, business studies, medicine, and natural sciences in these universities, the 15 technical
institutes, and several private colleges in the country.
WHAT IS STATISTICS EDUCATION?
For the purposes of this paper, the term statistics is used to mean the branch of scientific method that
deals with the study of the theory and practice of data collection, data description and analysis, and the
making of statistical inferences. It follows, therefore, that statistics education refers to the art of teaching and
learning these statistical activities. In this definition, data collection is taken to encompass both the design
and execution of data collection activities as well as data editing; data description refers to the summarizing
of data by quantitative measures of central tendency, including weighted indexes, measures of dispersion, or
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by means of tables and frequency distributions or pictorial means such as histograms, line graphs, bar
graphs, pie charts, and so on. Data analysis refers to exploring data tables, trends, and shapes, as well as
statistical modeling; statistical inference refers to point and interval estimation and hypothesis testing, as well
as decision theory in so far as the latter deals with the set of actions or decisions open to the statistician.
To many people, statistics is regarded as a branch of the older discipline of mathematics and takes its
place alongside analysis, calculus, number theory, topology, and so on. This view has its parallel in the idea
that statistics education is a component of mathematics education. Recently, however, statistics education has
come of age (Vere-Jones, 1995) and is recognized internationally as an identifiable and important field of
knowledge, one which is not simply a subset of either statistics or education. It is certainly more than
“methodology” and embraces such important matters as the nature of statistics, its place in human life, its
function in schooling, how students acquire statistical concepts, as well as strategies for teaching and
learning statistics and evaluating the results. With this in mind, together with the insights afforded by the
mathematics education community (e.g., Burton, 1978; Howson, 1977), we suggest that the art of teaching
and learning in our definition of statistics education should additionally include activities that attempt to:
•

Understand how statistical methods are created, developed, learned, communicated, and taught
most effectively at different levels of schooling, student ability, student attitude, and student needs.

•

Design statistics curricula that recognize the numerous constraints induced by the students, their
society, and its educational system.

•

Effect changes in curricula (where curricula are taken to include not only content, but also
teaching methods and procedures for assessment and evaluation).

By defining statistics and statistics education as we have done, we hope to identify the wider issues
involved in statistics education in a modern society. In turn, this allows us to put forward fundamental
reasons for introducing statistics to learners from the primary level through the tertiary level. This sets the
stage for addressing the question of effective means of teaching and learning both the theory and practice
of statistics using appropriate technology. Note that our definitions of statistics and statistics education in
this paper go further than the two traditions proposed by Holmes (1994).
THE ROLE OF STATISTICS EDUCATION IN MODERN SOCIETY
The growth of statistics is multidisciplinary, with its roots in such diverse fields as agriculture, astronomy,
economics, engineering, genetics, and so on (Bickel, 1995). Statistics, as the science of collecting, analyzing,
and interpreting empirical data, has a central place "in scientific research of any kind; in government,
commerce, industry, and agriculture; in medicine, education, sports, and insurance; and so on for every
human activity and every discipline" (Kish, 1978, p. 1). Statistics education is relevant for these areas also,
with its main role focusing on teaching and learning activities considered necessary for the production and
development of statistically literate people and professionally competent statisticians.
The importance of providing statistics education throughout the entire education spectrum cannot,
therefore, be overemphasized. Virtually every economic and scientific activity in the modern world relies
on statistics in one way or another. By way of example, we review this claim briefly in relation to three
broad areas in which statistics plays a prominent role: business and industry, aspects of government, and
scientific and economic progress.
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Business and industry
Modern trade and industry rely exclusively on statistical techniques in such activities as forecasting;
optimal allocation of limited resources among competing demands; quality control in production; stock
control in production and retail sale (using, e.g., inventory theory); management (using techniques such as
critical path analysis); and the use of acceptance sampling in auditing and accounting. Without the use of
statistics in these vital areas of modern technological endeavor, many of the efficiencies achieved in the
commercial world in recent history would be nonexistent.
Aspects of government
Social statistics
A major part of any government's primary responsibility is the provision of social services. Government
involvement in this regard produces a large pool of statistical records relating to social affairs such as
housing; social class; personal incomes; living standards; crime; education; accidents; registration of births,
marriages, and deaths; population size; and population projections. The availability of these myriad sets of
data is essential for any modern government's strategic planning and efficient operation.
Macroeconomic statistics
In the field of macroeconomics, it is well known that if the economic activities of the different economic
agents that operate within the economy are not sufficiently well-coordinated, the outcome is likely to be a
general disequilibrium. This condition reveals itself in a number of ways, many with undesirable effects
such as underemployment of capital and labor, a rise in inflation, imbalance in the balance of payments,
and so on. The failure of the market system on its own to coordinate all activities provides another primary
responsibility for the modern state; namely, to collect and make available for the entire economy, economic
and business statistics about such items as manpower, production, consumption, internal and external trade,
money supply, domestic and foreign capital flows, national income and its distribution, and so on, which
individual economic actors would otherwise find difficult or impossible to obtain. In many developing
countries, including South Africa, data relating to many important economic sectors are unreliable.
Numerous examples supporting this contention and the reasons for this unsatisfactory state of affairs have
been presented by Kmietowicz (1995).
National and international economic and scientific progress
Statistics is almost unique among major disciplines of study in that a person trained in the use of
statistical methods is more able to make advances in fields as diverse as health sciences, natural sciences,
humanities, agriculture and forestry, technology, educational testing, marketing and management, and
recently, even in the legal field, than one who is not. This diversity in applications of statistics makes the
teaching of the subject at all levels an essential component of economic and scientific progress.
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WHO NEEDS STATISTICS EDUCATION TODAY?
Over the last 50 years statistics education has grown "from a narrow focus on training professional staff
for government departments, to a movement which stretches downward into the primary and even the
kindergarten programme, and outwards, through training for a wide range of academic and technical
disciplines, to programmes of adult or community education" (Vere-Jones, 1995, p. 16). Consequently,
statistics education has few boundaries and is appropriate for students at elementary, secondary, and tertiary
levels of education and beyond.
However, in today's modern world, much work involving data collection and data analysis is being
conducted by nonstatisticians, many of whom have little knowledge of the range of appropriate methods of
data collection, are unaware of the basic assumptions underlying the statistical methods of analysis they
choose, and are unable to provide sensible interpretations of the results of their analyses. Only a relatively
small proportion of datasets are collected and analyzed by professional statisticians. This situation is the
result of the failure in the past of statistical communities worldwide to assert themselves and convince
government authorities to recognize the need for a coherent statistics education curriculum. It is generally
recognised that mathematics is the basis of quantitative disciplines; therefore, formal learning of
mathematics should begin at the elementary school level. For this reason, it is a compulsory subject for
everyone in virtually all countries. We wish to submit that the learning of statistics should also begin at the
elementary school level and be made part of the school curriculum for all, because as argued above,
statistics now plays an essential role in developing the ability and competence of the scientist, technician,
manager, government worker, and ordinary citizen to use data and information constructively and
effectively.
THE TEACHING OF STATISTICS
Primary and secondary schools
In the campaign to promote the introduction of statistics into the school curriculum worldwide, it has
been argued that the statistical community should anticipate a "long, dour struggle" (Vere-Jones, 1995, p.
17). The first ingredient of this struggle relates to the teachers. The majority of present-day mathematics
teachers are not likely to have studied statistics as students. “How can they teach this new subject,” asks
Vere-Jones (p. 18), especially if it involves the kind of approaches statisticians would like to see
implemented, “without being given time and teaching resources needed to overcome their deficiencies?”
The second related ingredient is the role played by teacher education institutions. If these institutions
were to embrace statistics teaching resolutely and emphatically, then we could expect the next and future
generations of teachers to be adequately prepared. It is strongly recommended (Vere-Jones, 1995) that
statistics education organizations, particularly those with links to the wider statistical community, assist
teachers and teacher education institutions. Help could be provided with such things as providing
familiarization courses, providing teaching materials, assistance in the running of seminars and in-service
courses, as well as giving teachers support in their efforts at curriculum development. In South Africa today,
the restructuring of education at all levels has given impetus to such initiatives.
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Universities and technical institutes
Jeffers (1995) stresses, rightly we believe, the need to distinguish between the training of statisticians per
se and the training of scientists, managers, administrators, and nonstatistician researchers (i.e., people who
will make use of statistical methods, but will not themselves be concerned with the further development of
statistical theory). We wish to associate ourselves with the renewed call for this distinction, even though
many university departments of statistics presently offer courses for other departments in addition to their
main statistics teaching. One of the authors of this paper (KWB) is currently engaged in a project
examining this question in South Africa.
If statistics education begins at the elementary school level, there will be adequate time to enable learners
who eventually go on to university and technical institutions to develop understanding of the basic
principles and assumptions of statistical inference, the use of analytical techniques and the corresponding
interpretation of results.
TECHNOLOGIES FOR EFFECTIVE STATISTICS EDUCATION
Technology, viewed as the use of science to make advances in all spheres of life, is a major cultural
determinant that shapes our lives as surely as any philosophy, religion, social organization, or political
system. At the time when science belonged to the realm of philosophy, technology was the domain of
craftsmen who forged tools out of naturally occurring materials. Today, it is perceived as the application of
scientific principles to the design and manufacture of tools as widely different as quartz watch batteries,
computers, superglue, and combined harvesters (Makhurane, 1995).
In the field of statistics education, technology is commonly thought of in terms of computers and the
associated statistical computing packages, which together have become every statistician's indispensable
working tool, as well as video and other tools used in the teaching of probability and statistics. Technology,
however, especially in developing countries, ranges from frequently used, low cost materials to the less used,
expensive, and sophisticated equipment. We offer the following summary of examples of technological
forms used in statistics.
•

Data collection: questionnaire, clipboard, pen/pencil, maps, telephone, postal services.

•

Data editing: summary forms, pen/pencil, computers.

•

Data analysis: calculators, computers.

•

Teaching aids: chalkboard, textbook, audio-visual equipment, computers.

Recent views expressed in the literature appear to be divided on the extent of using technology
(Hawkins, 1997; Moore, Cobb, Garfield, & Meeker, 1995). Although there is no doubt that the impact of
such technology has produced striking changes in the nature of both statistical research and statistical
practice, its effect on the teaching and learning of statistics varies considerably (Moore et al., 1995). For
example, Moore making a strong case for technology, argued that the computing revolution has changed
neither the nature of teaching nor the productivities of teachers of statistics (Moore et al., 1995). Garfield
(Moore et al., 1995), however, argued differently, pointing out that learning remains inextricably
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interpersonal: "Human beings are by nature social, interactive learners. We check out our ideas, argue with
others, bounce issues back and forth, and increase our understanding of ourselves and others" (p. 253).
In a separate contribution to the debate on the role of computers in statistical practice, Jeffers (1995)
lamented that "contrary to many expectations, the development of the modern computer and the availability
of statistical program packages has not improved the ways in which data are analyzed and interpreted" (p.
233). This, he pointed out, is because "the ability to perform a wide variety of statistical analyses with the
aid of these program packages is not matched by adequate explanation for the non-statistician of the
assumptions being made by those analyses, or of the underlying constraints that are imposed by the
underlying theory of the analyses" (Jeffers, p. 229).
On the uses of multimedia technology, particularly the video, in the teaching and learning of statistics,
Moore (Moore et al., 1995) has succinctly and lucidly presented the strengths and weakness of this method
along with ideas about its future potential.
SOME QUESTIONS TO BE ADDRESSED
The introduction and ongoing development of technology in statistics education raises a number of
important questions that relate to course content, the availability and affordability of the technology,
teaching and learning methods involving technology, the general impact on the economy and society, and
the quality of scientific research. In particular, the impact of technology on dual societies such as South
Africa, Brazil, and India, in which both developed and developing regions coexist and reflect extremes of
wealth and poverty, provides a basis for examining these issues.
Around the world, the rate of technological development is noticeably uneven and technology is
sometimes charged with contributing to the gap between rich and poor nations, with a concomitant increase
in international tensions. In contrast, an alternative view suggests that it is only through technology that the
developing countries are likely to improve their lot. The usual underpinnings of technology, in the form of
workshops, factories, training programs, agricultural and engineering colleges, basic science curricula, and a
host of other facilities, are taken for granted in developed countries, but are in short supply in most
developing countries.
The different technologies considered essential for effective teaching and learning of statistics at various
educational levels, together with the problem of bridging the interface between the developed and the
developing regions of the world, are issues that need to be discussed. For example, Jegede (1995) has
argued that the theory and practice of science education in Africa takes place in the absence of informed
knowledge about the structure of African styles of thinking, the duality of world views within Western and
non-Western environments, the tensions placed on learners by conflicting ways of thought, especially when
science teaching fails to take into account African ways of thought, and how the twin processes of teaching
and learning in a second language affect these tensions.
There is a need for coordinated research to be conducted that focuses on several issues related to the role
of technology in statistics education, especially in relation to developing regions of the world. Many
possible research questions come to mind. For instance, what are the relative effects of different
technologies on students' learning of statistics? Are there technologies that are more appropriate at the
elementary school level versus the secondary school versus the university? How does teaching and learning
in a second language affect the quality of learning statistics? What technological factors influence the
learning of statistics? Which technologies can be used to enhance the teaching of statistics at different levels
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in the education system? What effect does technology have on the learning of theoretical and practical
aspects of statistics?
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26. DISCUSSION: TECHNOLOGY,
REACHING TEACHERS, AND CONTENT
Gail Burrill
University of Wisconsin, Madison

The interface between technology and teachers is an open question with new avenues occurring through
the internet and distance learning. The use of technology can connect teachers to professional development,
provide additional resources for teachers, and help teachers conduct classes. Discussions following these two
final papers included the ability of the internet to keep up with the demand it may face as it becomes a
more common tool. Teachers may go to internet web sites, but some participants were concerned that
information on CD ROM should be available as backup. It was agreed that, in general, the internet was
continually improving, although some way should be found to bring to teachers' attention the valuable
resources on the net.
A second issue for discussion was how teachers use internet resources to conduct classes. A suggestion
was made that teachers need some guidance; for example, a project was presented that provided a structured
introduction to simulation that helped answer many questions teachers have about introducing probability.
Video conferencing is another venue that may prove useful. A comparison was made between the internet
and Computer Assisted Instruction (CAI). One of the lessons learned from CAI is to provide teachers with
resources and then let teachers decide how to use them. In the situation described in the Watson and Baxter
paper, teachers were treated as professionals; that is, they shared their own ideas but were also given some
suggestions for ways to use technology.
Another issue discussed was how technology interfaces with the two roles of statistical education:
statistical needs for professionals in their work and the statistical needs of members of society to help them
make decisions and choices in their daily life. It was suggested that this dichotomy parallels the situation in
mathematics, and can be handled by beginning with a broad education for all, which can then be used as a
foundation for the additional knowledge needed by specialists.
It was suggested that it is necessary in statistics education to begin with a definition of statistics that
includes both design and description of data, to identify the activities that constitute the nature of statistics,
and to then consider the available tools and technologies that can be used in the teaching process. The
categories of tools and technology described in the paper by Glencross and Binyavanga (data collection,
data editing, and data analysis) were discussed. This discussion focused on the impact of individual and
cultural differences in using these tools in the teaching process. A question was raised concerning how to
help people make rational decisions based on data when their intuitions and belief systems are different by
acknowledging that people look at similar events from different perspectives. One of the presenters
indicated that, in his experience, Africans have a strong oral tradition so recording is not done with pencil
and paper but rather with the mind, which leads to a great ability to memorize, a statistical tool that most
cultures do not cultivate the same way. This could have a significant effect on how technology tools are
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viewed as resources. Although many of the problems are universal, there are still some areas in which
statistics is not a "natural" process. A participant offered one example, using issues related to statistics and its
importance in rural areas. Statistics grew out of the need to record, which is not a natural inclination for
many rural people.
The notion that probability is based on alternative descriptions of reality was discussed, which challenges
students in all classes. Teachers respond by presenting alternatives and insisting that students think about
these possible alternatives. For example, the importance of statistics in modern society includes applications
in government, management, social statistics, and science - and there is an inherent message here of the
significance of statistics to economic progress.
There was a clear consensus about the need to think carefully about these issues as technology becomes
an increasingly significant part of statistics education, from how to help teachers understand and implement
technology in a variety of ways to recognizing how such implementation may differ depending on diverse
cultures and educational environments.
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