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Abstract— Five text mining software tools were evaluated 
by four undergraduate students inexperienced in the text 
mining field. The software was run on the Microsoft 
Windows XP operating system, and employed a variety of 
techniques to mine unstructured text for information. The 
considerations used to evaluate the software included cost, 
ease of learning, functionality, ease of use and effectiveness. 
Hands on mining of text files also led us to more informative 
conclusions of the software. Through our evaluation we 
found that two software products (SAS and SPSS) had 
qualities that made them more desirable than the others.  
 
INTRODUCTION 

Unstructured data exists in two main categories: bitmap 
objects and textual objects. Bitmap objects are non-language 
based (e.g. image, audio, or video files) whereas textual 
objects are “based on written or printed language” and 
predominantly include text documents [1]. Text mining is the 
discovery of previously unknown information or concepts 
from text files by automatically extracting information from 
several written resources using computer software [15]. In 
text mining, the files mined are text files which can be in 
one of two forms. Unstructured text is usually in the form of 
summaries and user reviews whereas structured text consists 
of text that is organized usually within spreadsheets. This 
evaluation focused specifically on mining unstructured text 
files.  

Many industries are relying on the field of text mining to 
solve specific applications using a variety of software. 
Currently, there does not exist a comprehensive review or 
comparison of the top software suites. Our research was 
performed so users would have an unbiased reference for 
looking at the different software features and the pros, cons, 
and methods for how to most efficiently use them. In 
comparing the software, we looked at the features that the 
software had as well as the ease of use and learning of the 

software. We used a test corpus that we developed for this 
purpose.  
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The five software suites we reviewed were Leximancer, 
SAS Enterprise Miner, several products of SPSS, 
Polyanalyst, and Clarabridge. Most of the software was 
acquired through an anonymous consulting firm. We also 
obtained software through the University of Virginia and by 
requesting online software demos.  

The evaluators of the software were four fourth year 
Systems Engineering students at the University of Virginia 
who had some previous experience with data mining, but 
little experience with text mining. This inexperience proved 
useful in determining the ease of use and learning of the 
software, though it sometimes posed challenges when 
attempting to find out how the software operates.   

I. TEXT MINING SOFTWARE 

A. General Information and Pricing 

The chart below shows the company, product, version, and 
cost of the software. Unfortunately, certain vendors were 
unwilling to disclose cost information for their products.   
 
Table 1 

Company Product Version Cost 
SAS Enterprise  

Miner 
4.3 not provided 

due to company 
policy 

SPSS Text mining for 
Clementine(need 
Clementine) 
 
Text Mining 
Builder 
 
Lexiquest 
Categorize 

10.1 
 
 
 
2.0 
 
 
3.2 

$4,534 
 
 
 
$18,136 
 
Server (1 CPU) 
$69,824 

Megaputer Polyanalyst 6.0 Professional 
Server $80,000 
 
Client $5,000 

Leximancer Leximancer pro $2500 
Clarabridge Clarabridge 

Content Mining 
Platform 

2.1 $75,000 

 

B. Learnability 
The criteria used to assess the ease of learning were 

based on whether software had the following:  
 

• A demo version 
• Tutorials 
• User’s manual 



 
 

 

• Sample Solutions 
• Online help 
 

The functionality results of the software were recorded using 
a spots and dots methodology. The ease of learning results 
can be seen in Table 2.  

The project team attempted to learn how to use each of the 
software suites solely by referencing the help files, tutorials, 
and other learning tools that were provided along with the 
software package. These materials provided information on 
the general process each software suite uses to mine text and 
on the specific features offered at different steps in the text 
mining process. 
 
 
Table 2: Learnability 

Software 

 Demo 
 version 

Tutorial User’s 
manual 

Online 
help 

Clarabridge  X X  

SAS  X  X 

Clementine X   X 

Polyanalyst X X X X 

Leximancer X X X X 

 
As we were unable to obtain working copies of 

Clarabridge and Polyanalyst, we were unable to gain 
experience using these software suites. The evaluation of 
this software was done by looking at product features, going 
through live internet demonstrations, and performing 
research on the software companies’ websites.  

Overall, the help documentation which accompanied the 
SAS, SPSS, and Leximancer software was sufficient to learn 
basic processes and features employed by each suite. SAS 
and SPSS both offer traditional help files which serve as a 
good starting point for learning the process that each 
software suite uses to mine text. These resources provide 
both an introduction to text mining as well as the process 
flows that each of the software suites use to accomplish 
different text mining functions such as text extraction, text 
link analysis, and categorization. At a more detailed level, 
the help documentation of both software suites provide 
information on how a user can manipulate various features 
at different nodes in the text mining process in order to 
affect the results yielded. Finally, the documentation also 
provides information on how to view, edit, and make use of 
results.  

SPSS help documentation presents basic information 
which provides as user with a quick start to text mining. 
Example projects also are provided to show how different 
nodes can work together to accomplish various text mining 
functions.  

SAS documentation presents information on the text 
mining process and its unique methods and features in much 
more detail. Step-by-step examples of how to achieve a few 
text mining functions are also very helpful.  

Leximancer presents its help documentation in a slightly 
different fashion than SAS and SPSS. Leximancer provides 
several help topics describing how to accomplish certain text 
mining functions within its architecture. Leximancer’s text 
mining process consists of a preset stream of nodes which a 
user cannot alter, and information on how a user can 
manipulate the features of these nodes to achieve different 
results resides within the nodes themselves.  

The fact that Leximancer presents information on the 
features offered by different nodes in the text mining 
process within the nodes themselves makes for quick 
referencing, and the content is very helpful in general. 
Leximancer also allows the user to adjust the level of 
complexity of the features it offers.  

Although help documentation and tutorials are sufficient 
for the beginning of the learning curve with these software 
suites, the group found that more advanced knowledge of 
how to get the most out of each product is best achieved 
through an iterative process of hands on experimentation. 
Manipulating the unique features of each software suite in 
various ways provides the best knowledge of how to achieve 
desired results. Also, experimenting with a variety of nodes 
in sequence allows a user to see how these nodes can 
interact to achieve more advanced text mining functions.  

 

C. Data Preparation 
The importance of data preparation in text mining cannot 

be stressed enough. Given the importance of proper data 
preparation to the success of a data mining effort, it is 
advised that the user perform some “cleaning” on the data to 
put it into a semi-structured form. Although text mining 
seeks to find relationships between concepts in unstructured 
data, we found through our evaluation that mining 
technology does not eliminate the need for data preparation. 
If the user wishes to achieve a high level of reliability and 
extract useful concepts from the data, then structuring the 
data, even in small ways, is helpful.  

To achieve useful information for our evaluation, we ran 
text files through the software in order to see how they were 
processed. We also looked at the quality of the results after 
the mining was completed. For this task, we used HTML 
documents that were gathered from the University of 
Virginia Cavalier Daily newspaper website, 
www.cavalierdaily.com. A software program that copies 
entire websites was used to gather approximately 1200 
HTML pages from the website, and these formed the corpus 
that we ran through the software.  

D. Software Pros and Cons 
Leximancer is a software suite that focuses on extracting 

concepts and showing the relationships between those 
concepts, along with the relationship strength. Although its 
Java-based user interface is somewhat different from the 
other software suites evaluated, Leximancer still offers 
many of the same features that allow a user to manipulate 
stages in the text mining process. Leximancer’s results 
browser is very effective at presenting several pieces of 



 
 

 

information at once and allowing a user to browse extracted 
concepts and concept relationships. Leximancer’s results 
browser is shown in Figure 1 below. 

 
Figure 1: Leximancer concept map and list of linked 
terms 

 
SAS Enterprise miner uses a unique mining approach 

called SEMMA (Sampling, Exploration, Modification, 
Modeling, and Assessment). This package offers features 
that compare the results of the different types of modeling 
through statistical analysis and in business terms. The 
integrated environment allows for the statistical modeling 
group, business managers and the information technology 
department to work together. Although SAS supports 
loading text in a variety of file formats, all externally stored 
text files must first be converted to a SAS data set via the 
use of a prewritten macro, adding additional complexity and 
time consumption to this step in the text mining process.  

SAS’ user interface is less intuitive than other software, 
but it still offers many of the same features as other products 
which affect how text is parsed. In addition to offering these 
basic features, SAS also offers a user the ability to affect 
how its algorithm is run which represents parsed documents 
in a structured, quantitative form. SAS’ term extraction 
generally yields a larger number of terms than other 
software, but its results browser allows for easy browsing 
and filtering of these terms. SAS also simplifies the text 
mining process somewhat by automatically clustering 
documents and identifying links between terms when a term 
extraction is executed. Figure 2 below shows SAS’ text 
mining browser for documents, extracted terms, and 
clusters.  

 

  
Figure 2: SAS text mining browser 
 

SPSS is flexible in that it supports many text formats, 
including: plain text, PDF, HTML, Microsoft Office, and 
XML text files. It has open architecture which allows the 
program to join together with other text analytics 
applications including Text Mining Builder, LexiQuest 
Categorize, and all other SPSS data mining and predictive 
analytics applications. Clementine’s text extraction does 
well to offer the use several methods for limiting the scope 
of an extraction and therefore tends to yield the most 
informative terms and phrases in its results. Figure 3 below 
shows Clementine’s text extraction results browser.  

 

 
Figure 3: Ranked list of extracted concepts in 
Clementine 
 

Clementine also includes a text link analysis which has 
two main functions. The first is that it recognizes and 
extracts sentiments (i.e. likes and dislikes) from the text with 
the help of dictionary files created in Text Mining Builder.  



 
 

 

Some of these dictionary files are already provided in the 
software package while others can be developed by the user.  
The second is that it detects correlations between things 
such as people/events, or diseases/genes. SPSS also allows a 
user to manually define a customized taxonomy with the 
help of LexiQuest Categorize, which uses training data to 
learn the characteristics of the taxonomy predict the 
classification of documents.  

Polyanalyst, manufactured by Megaputer, can process 
large scale databases. The software also has a low learning 
curve and step by step tutorials. The integration of an 
analysis performed on both structured and unstructured text 
is available. The results of the analysis can be incorporated 
into existing business processes.  

Clarabridge provides analysis of data and is used in 
conjunctions with commercially available business 
intelligence tools which are used to view and interpret the 
results of this analysis. It also allows parallel processing of 
large amounts of data. During the processing, entities, 
relationships, sections, headers, and topics, as well as 
proximal relationships, tables, and other data are recognized. 
This information is stored into the capture schema thus 
maintaining metadata and linking it back to its source. 
Clarabridge can contain large amounts of data and maintain 
high throughput. The GUI requires a minimal amount of 
coding from users and processes can be done without human 
intervention.  

Table 3 shows the different functions that the software 
have. For some of these functions, such as extraction, all of 
the software possesses some form of the function. For 
others, such as clustering, not all of the software have the 
feature. A table of this form is useful for a quick visual 
software functionality comparison.  

  
Table 3: Functionality 

 SOFTWARE 

FUNCTIONS SPSS SAS Clarabridge Polyanalyst Leximancer 

Extraction X X X X X  

Summarization         X  

Categorization X  X  X X X  

Clustering   X   X X 
Concept  
Linking X X X X X  
Decision 
 Trees   X   X X  
Document 
Linkage  X X X X 
Memory 
based  
Reasoning  X X  X X   

Regression  X X   X 

 Exports 
data for 
further 
analysis in 
other 
packages 

Time Series  X  X X   

 Exports 
data for 
further 
analysis in 
other 
packages 

 

II. RESULTS 
Unfortunately we were unable to run the Cavalier Daily 

files through Clarabridge because this software package 
requires additional business intelligence tools in order to 
achieve readable results.  

After running the sample corpus through the other four 
software suites and comparing the subjective ease of use of 
the software, two products rose to the top: SAS and SPSS.  

The immediate advantage of these pieces of software is 
that they were developed for large projects, so while 
processing 1200 documents took a significant amount of 
time, they were able to display meaningful results. The 
choice between these products, however, rests on the 
particular application in which they are used.  

Because of the non-intuitive interface and steep learning 
curve, SAS is best used in situations where the user already 
has a general understanding of text mining. It is also an 
excellent choice for processing large amounts of documents, 
however, it only gives truly meaningful information if the 
input has been pre-processed and made to be semi-
structured.  

When running the files through, SPSS proved to be the 
quickest at mining the files. SPSS also is a good choice for 
processing large amounts of documents and provides more 
useful results if the input has been pre-processed and made 
to be semi-structured. Another benefit that SPSS has over 
SAS is that SAS extracts a large amount of useful terms.  

All of the software products tested primarily extracted 
sport-related concepts from the given corpus in the 
explorative analysis that was done. This indicates that in the 
Cavalier Daily newspaper, sports are the main topics that are 
reported on. Again, because we were unable to obtain 
working copies of Clarabridge and Polyanalyst, we were 
unable to test them using our sample corpus. Further results 
could be obtained with a deeper analysis, but as we were 
using our corpus to get only a preliminary idea of the 
features of the software, we did not pursue a more advanced 
investigation.  

III. FUTURE WORK 
Future work with text mining software is already 

underway. While the test corpus that was used to evaluate 
the software in this report was large, the problem that was 
attempted to be solved was not well-defined. Therefore, a 
new problem has been proposed that is well-defined, and 
work is underway to analyze and solve it.  

There is a current project underway in which a group is 
attempting to extract relationships between the results from 
social security disability claims in the court systems and the 
content of the claims that are filed with the courts. This is a 
problem that is semi-structured and well-defined, and is 
perfect for further testing of the SAS and SPSS suites.  

The data for these cases are being gathered from various 
state and federal websites that have cases on record having 
to do with social security disability claims. This data will be 
collected, parsed, inputted into a database table, and then 



 
 

 

processed by SAS and SPSS in order to extract relationships 
in the data.  

The hope is that this processing will lead to discoveries 
about what types of claims are most often approved or 
rejected by the courts, if there is such a relationship. For 
example, it might be the case that if a person mentions “Lou 
Gehrig’s disease” in their claims, that they are almost always 
approved for their claim. If such a relationship were true, 
then text mining software like SAS and SPSS should be able 
to extract it through predictive capabilities. 

IV. CONCLUSION 
The following goals were achieved by the conclusion of this 
project: 
 

• Identified the common needs of users of text 
mining tools through researching the industries that 
use text mining and the applications for which text 
mining is employed. 

 
• Addressed the current state in text mining through 

background research in the field and hands on 
experience. 

 
• Evaluated and compared text mining software. This 

goal can be improved upon in future projects by 
considering an expanded set of evaluation criteria. 

 

APPENDIX 
This Appendix provides a glossary of terms commonly 

used in discussions of text mining software.  
 
KDD-knowledge discovery and data mining 
 
Queries-a common way of extracting information from 
databases 
 
Tuples-finite sequence or ordered list of object 
 
Ease of Learning-how easy or hard it is to learn how to use 
the software 
 
Ease of Use-once the software is learned, how easy or hard 
it is to use the software 
 
Clustering-Clustering algorithms find groups of items that 
are similar. For example, clustering could be used by an 
insurance company to group customers according to income, 
age, types of policies purchased and prior claims experience.  
 
Decision tree-A tree-like way of representing a collection of 
hierarchical rules that lead to a class or value. 
 
Regression tree-A decision tree that predicts values of 
continuous variables. 
 

Time series model-A model that forecasts future values of a 
time series based on past values.  
 
Extraction-locating specific pieces of data and extracting it 
from the document 
 
Summarization- summarization extracts the most relevant 
phrases or even sentences from a document.   
 
Concept Linking-   Usually comes in the form of some web-
like visualization in which the links between extracted 
concepts are shown based on their co-occurrence and 
proximity within documents. 
 
Document Linkage – The ability to view in the results where 
in the documents the concept occurs. Results link back to 
input documents. 
 
Categorization- Organization of documents into predefined 
categories based on existence of specified indicator concepts 
within the documents. 
 
Memory-based Reasoning- MBR uses training records to 
train a neural network to learn to predict certain 
characteristics of new documents 
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