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Integrating a Piecewise Linear Representation
Method and a Neural Network Model for

Stock Trading Points Prediction
Pei-Chann Chang, Chin-Yuan Fan, and Chen-Hao Liu

Abstract—Recently, the piecewise linear representation (PLR)
method has been applied to the stock market for pattern matching.
As such, similar patterns can be retrieved from historical data and
future prices of the stock can be predicted according to the patterns
retrieved. In this paper, a different approach is taken by applying
PLR to decompose historical data into different segments. As a
result, temporary turning points (trough or peak) of the historical
stock data can be detected and inputted to the backpropagation
neural network (BPN) for supervised training of the model. After
this, a new set of test data can trigger the model when a buy or
sell point is detected by BPN. An intelligent PLR (IPLR) model
is further developed by integrating the genetic algorithm with the
PLR to iteratively improve the threshold value of the PLR. Thus,
it further increases the profitability of the model. The proposed
system is tested on three different types of stocks, i.e., uptrend,
steady, and downtrend. The experimental results show that the
IPLR approach can make significant amounts of profit on stocks
with different variations. In conclusion, the proposed system is
very effective and encouraging in that it predicts the future trading
points of a specific stock.

Index Terms—Backpropagation neural network (BPN), finan-
cial time-series data, genetic algorithm (GA), piecewise linear rep-
resentation (PLR), stock forecasting, trading points.

I. INTRODUCTION

THE STOCK market is a highly nonlinear dynamic system.
It is affected by many factors such as interest rates, inflation

rates, economic environments, political issues, and many others.
Although there are dependencies and correlations between these
factors, the relationship of the stock price and these factors is
rather difficult to model through mathematic formula.

Most recent research on stock forecasting has only been con-
cerned with the prediction of price variation and with attempts
to derive accurate models that are able to predict the future price
of a stock movement, rather than the trading decision itself, such
as buy/sell points regarding intelligent trading decision support.
However, the trading decision plays a critical role in the stock
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market environment if an investor wants to make a profit. Up
to now, there are only a few examples of research that deal
with the turning points of a stock, and notably, this problem is
still a large one as regards academic researchers and industrial
practitioners [3].

Therefore, this research takes a different approach by apply-
ing piecewise linear representation (PLR) and backpropagation
neural network (BPN) models to predict the turning point of a
particular stock. Turning points of a target stock are more dif-
ficult to project than predicting the price variation of the stock
itself. Since one does not have much information about the trad-
ing points (trough or peak) of a particular stock, it is necessary
to rely on computational intelligence techniques applied to his-
torical data of the stock to define this trading signal. In this
research, PLR is applied to decompose historical data into dif-
ferent segments, and as a result, possible turning points of the
historical stock data can be detected and inputted to the BPN to
train the model. In addition, an intelligent PLR model is further
developed by integrating the genetic algorithm (GA) with the
PLR to improve the threshold value and to further increase the
profitability of the model.

This paper studies the predictability and profitability of using
PLR and BPN to predict the turning point of a stock price vari-
ation. The output from the neural network (NN) is transformed
into a simple trading strategy, i.e., buy/hold/sell decisions. The
proposed system consists of four steps: 1) input factors selec-
tion; 2) time-series data segmentation by PLR; 3) model building
by training NNs using trading points identified by PLR; and 4)
trading decision fine-tuned using IPLR by integrating GA with
PLR for greater profits. Finally, financial time-series data from
the Taiwan stock market and S&P500 are applied to demonstrate
the effectiveness of the proposed system.

The rest of the paper is divided into five sections: Section II
reviews the literature in the areas of stock forecasting;
Section III describes the development of the IPLR model
for stock trading point decision; Section IV examines the
experimental tests conducted to determine the effectiveness of
trading points generated by using the IPLR approach; lastly,
conclusions and future directions of the research are provided.

II. LITERATURE SURVEY

The prediction of stock price variation is a very difficult task as
the price movement seems to behave in a very random manner.
During the last decade, stock and future traders have largely
been relying on various types of intelligent systems to make
trading decisions. Recently, artificial NNs (ANNs) have been
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applied to this area (refer to [4], [10], [14], [17], [19], [30], [31],
[37], and [39]). However, limitations of these models are due
to noise and complex dimensionality of stock price data. That
is to say that the quantity of data itself and the input variables
interfere with each other. Therefore, results were usually not as
convincing.

Other soft computing (SC) methods are also applied in the
prediction of stock prices. These SC approaches employ quanti-
tative inputs, like technical indexes, and qualitative factors, like
political effects, to automate stock market forecasting and trend
analyses. A feedforward NN trained by a GA [34] is applied
to forecast three-month U.S. Treasury Bill rates. They conclude
that an NN can be used to accurately predict these rates. A neu-
rofuzzy model [10] is applied to predict future values of Taiwan
stock price variation. Thammano [44] conclude that the neuro-
fuzzy architecture is able to recognize the general characteristics
of the stock market faster and more accurately than the basic
backpropagation algorithm. Tansel et al. [26] compare the abil-
ity of linear optimization, ANN, and GA to model time-series
data using the criteria of modeling accuracy, convenience, and
computational time. They find that linear optimization methods
give the best estimates though the GA can provide the same
values if the boundaries of the parameters and the resolution are
selected appropriately, but NNs produce the worst estimations.
However, they note that nonlinearity can be accommodated by
both GA and NN because the latter requires minimal theoretical
background. Baba et al. [5] employs NN and GA to construct
an intelligent decision support system (DSS) for analyzing the
Tokyo Stock Price Index (TOPIX). The essential feature of their
DSS is that it projects the high and low TOPIX values four
weeks into the future and suggests buy and sell decisions based
on the average projected value and the current value of the
TOPIX. Liao and Tsao [36] apply a fuzzy NN (FNN) combined
with a chaos-search GA (CGA) and simulated annealing (SA)
to short-term power system load forecasting as a sample test.

In addition, GA is also incorporated to improve the learning
and generalizability of ANNs for stock market prediction [14].
Daily predictions are conducted and prediction accuracy is mea-
sured. A novel NN-based method for time-series forecasting is
presented in [15] and they combine the optimal partition algo-
rithm with a radial basis function NN. The method is applied
to stock price prediction and the results of numerical simula-
tions demonstrate the effectiveness of the method. A cluster-
based combinatorial forecasting scheme is developed in [16]
for a single-step-ahead prediction of the pound–dollar daily
exchange rates and this hybrid method demonstrates an im-
provement over conventional linear and neural-based combina-
torial schemes. Kimoto and Asakawa [17] present an improved
NN and fuzzy models used for exchange rate prediction. The
method has been compared to multilayer perceptrons (MLPs),
radial basis functions, dynamic neural networks, and neurofuzzy
systems. A hybridized SC technique for automated stock mar-
ket forecasting and trend analysis is investigated in [18]. They
use principal component analysis to preprocess the input data,
an NN for one-day-ahead stock forecasting and a neurofuzzy
system for analyzing the trend of the predicted stock values.
Wang et al. [38] propose a GA-based fuzzy knowledge integra-

tion framework that can simultaneously integrate multiple fuzzy
rules sets and their membership function sets. Results show that
the fuzzy knowledge base derived using our approach performs
better than every individual knowledge base. A Takagi–Sugeno–
Kang (TSK)-type fuzzy-rule-based system is developed in [19]
for stock price prediction. The TSK fuzzy model applies the
technical index as the input variables and the consequence is a
linear combination of the input variables. The fuzzy-rule-based
model is tested on Taiwanese electronic shares from the Taiwan
Stock Exchange (TSE). As shown through the intensive exper-
imental tests, the model has successfully forecasted the price
variation for stocks from different sectors with accuracy close
to 97.6% in TSE index and 98.08% in MediaTek.

To our knowledge, little research has focused on develop-
ing trading signals for effective stock trading. A stock trad-
ing method based on dynamic Bayesian networks is applied to
model the dynamics of the trend of stock prices [41] and it is
a three-level hierarchical hidden Markov model. The inferred
probability distribution of first level is used as an indicator for
the trading signal. A novel stock market model is developed [42]
in which the orders of the chartists are not only based on past
prices but also on past trading volume. This model has the po-
tential to replicate some important stylized facts about stock
markets, especially bubbles and crashes, excess volatility, fat
tails, uncorrelated price increments, and volatility clustering.
An intelligent stock trading decision support system that can
forecast the buying and selling signals according to the predic-
tion of short-term and long-term trends using rule-based NNs
is developed in [43]. The NN component is composed of two
rule-based NNs and they are used to predict the price trend of
stocks. A hybrid neurogenetic approach [45] is developed for
stock trading. A recurrent NN having one hidden layer is used
for the prediction model. The input features are generated from
a number of technical indicators being used by financial experts.
The GA optimizes the NN’s weights under a 2-D encoding and
crossover. The model has been tested with 36 companies in
New York Stock Exchange and National Association of Secu-
rities Dealers Automated Quotations for 13 years from 1992
to 2004. The neurogenetic hybrid shows notable improvement
on the average over the buy-and-hold strategy and the context-
based ensemble further improves the results.

Another approach based on the notion that trading strate-
gies guided by forecasts of the direction of price movement is
developed in [20]. The effectiveness of a financial time-series
forecasting strategy is investigated in [40] by exploiting the mul-
tiresolution property of the wavelet transform. A financial series
is decomposed into a complete, shift-invariant scale-related rep-
resentation. In transform space, each individual wavelet series
is modeled by a separate MLP. The probabilistic NN is used to
forecast the direction of index return after it is trained based on
the historical data.

As discussed earlier, a considerable amount of research has
been conducted to study the behavior of a stock price movement.
However, the investor is likely to be more interested in making
profit by being provided with simple trading decisions such
as buy/hold/sell from the system rather than predictions of the
stock price itself. Therefore, this research focuses on developing
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Fig. 1. Using PLR to generate possible trading points.

an intelligent stock trading DSS by providing trading signals to
investors according to the stock price variations.

III. DEVELOPMENT OF AN IPLR MODEL FOR

STOCK TRADING POINT PREDICTION

The evolution of stock prices over time can be seen as a
short-term random oscillation on top of a long-term trend. The
trading strategy is to ride on a general trend, and at the same time,
enhance profits by capturing the likely short-term tendencies.

Traditionally, financial experts have proposed a set of trad-
ing rules for investors and the set of rules are based on moving
average crosses, head and shoulders, range breakout, triangle
breakout, etc. For example, for the buy signal, the stock has to
show a long-term uptrend, the momentum indicators have to in-
dicate that the stock is oversold, and the relative strength index
(RSI) has to be low, indicating the starting signs of bounce-
back. For the sell signal, the stock has to show a long-term
downtrend. Momentum indicators have to signal that the stock
is overbought, that the RSI is high, and that the price is close to
the local peak and showing the first signs of decline.

However, these rules can be treated as buy/hold/sell strategies
and the effectiveness of these rules is still quite limited as they
may still miss out on a lot of trading opportunities. Recently,
PLR has been applied to pattern matching [35]; this study takes
a different approach by using PLR to decide the trough or peak
of the historical data, and based on these trading points, a BPN
model is built through supervised learning to forecast the future
trading point of a specific stock.

A. Piecewise Linear Representation

From the previous study, trading points of stocks are observed
from the variation of technical indexes. However, the variations
are not necessarily easy to observe for every investor. Therefore,
this study attempts to develop an intelligent trading point pre-
diction system so that investors can implement a good trading
strategy by applying this intelligent model. Recently, PLR has

been applied for pattern matching [35]. The proposed model
will adopt PLR to decide the trough or peak of the historical
data, and based on these trading points, a BPN model is built to
forecast the future trading point of a specific stock. The main
procedures of PLR in predicting the trading point are described
as follows:

1) Divide the Raw Data Into Subsegments: PLR can be ap-
plied as a sliding window to find the turning points of financial
time-series data. This method requires the setup of the size of
the sliding window, and the delineation of the relative maximum
or minimum points of the data within the time window as the
turning points. However, this may not be a very good approach,
as the turning points depend upon what the sliding window size
is. If the window size is not properly decided upon, the subseg-
ments generated by PLR may lead to wrong decisions for future
trading points. Therefore, the profitability of the method is ques-
tionable. Alternately, this research takes all selected historical
data for piecewise representation, and then, the turning points
decided upon will be more representative and can be applied for
the prediction of future trading points. Another key factor to be
decided is the threshold value of a piecewise representation that
will be explained in the following.

2) Setup the Threshold Value (δ) of PLR: A larger thresh-
old value creates longer trend patterns; contrarily, the patterns
are very sensitive when the threshold value is very small. This
research adopts GAs as fine-tuning operators for this key factor-
–threshold value (δ). Depending on the variation of each stock
in the historical data, the threshold value is set up within the
range of [0.01, 5.0] accordingly.

3) Trading Point Decision: PLR is developed for pattern
matching; it cannot automatically generate the trading points of a
stock for investors. The contribution of this research is to convert
outputs from PLR to generate possible trading points. Take S&P
500 index for example where PLR generates a segmentation
diagram according to the threshold value applied. As shown in
Fig. 1, using PLR to generate possible trading points, the first
graph shows the original time series while the rest of the graphs
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Fig. 2. Detailed processes of trading point’s generation by IPLR and financial
experts.

are generated by using different threshold values in PLR. As
can be observed in the diagram, the higher the threshold value
the smaller the number of segments generated. Each segment
represents a local trough or peak, and these local extremes are
transformed into trading signals. For a threshold value of 1.0,
there are roughly 36 trading signals while there are only 7 trading
signals for a threshold value of 4.0. These trading signals are
inputted to BPN for supervised learning. However, there is no
guarantee as regards which value will be better. That is why we
set up five threshold values for PLR and choose the one that
generates the most profit when applied to our data.

To compare the difference between experts’ decisions and the
PLR approach, the detailed processes of trading point’s genera-
tion by PLR and financial experts are shown in Fig. 2.

In addition, the pseudocodes of trading point’s generation by
PLR are listed in Fig. 3.

The quality of the trading points generated by PLR is de-
termined by the threshold value (δ). In traditional application,
the judgment of a trading signal was decided by financial ex-
perts’ opinions. Thus, the financial experts based their opinions
regarding trading decisions on the technical analysis and in re-
lation to the economic situation. Thereby, if the trading signal
is not judged properly, the investor can make a mistake and lose
money. However, in our research, these trading decisions can be
directly linked to the threshold value (δ). Therefore, this study
applies GA to optimize the threshold value of PLR instead, with
the expectation to generate better subsegments, and to make
more profits, as explained in Fig. 2.

Fig. 3. Virtual code of the PLR.

B. Time-Series Data Segmentation by IPLR

An IPLR model is developed by integrating the GA with the
PLR to improve the threshold value of PLR. The main purpose
of adopting GA is to find the best threshold value in deciding
the trading points by PLR so as to increase the accuracy of
trading point predictions. As a result, the overall profitability
of the model can be further improved. Detailed procedures of
IPLR are shown in Fig. 4.

1) Candidate Stocks Screening: A set of candidate stocks
is selected based on the following criteria: 1) capital size; 2)
monthly sales; 3) earnings per share (EPS); 4) transaction vol-
ume per day; and 5) marginal cost of capital (MCC). It is a
preferred situation when a stock has a small or medium size
of capital, increasing monthly sales (best with historic high),
high EPS, large volumes of stock transactions (the stock is very
popular in the market), and if the marginal cost of capital is low.
This is because in the Taiwanese stock market, the prices of
large capital stock are always fluctuating very slowly. Accord-
ing to recent market statistics, a small- or medium-size market
has a better profit margin due to the probability that the annual
growth and stock price variation will be more significant during
the year.
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TABLE I
TECHNICAL INDEXES USED AS INPUT VARIABLES

2) Input Variables Selection:
a) Generating an initial threshold: An initial threshold is

generated randomly for PLR in time-series data segmentation.
b) Use PLR to segment the stock data: PLR is used to

segment the selected stock data using the initial threshold gen-
erated in step 1. The stock data segmented are transformed into
trading signals.

The segmentation algorithm uses a sliding window with vary-
ing sizes. The sliding window contains, at most, m points, be-
ginning after the last identified end point and ending directly
before the current point. If there are more than m points be-
tween the last end point and the current point, only the last m
points are contained in the sliding window. The segmentation
tries to find a possible upper or lower point in the current sliding
window. An upper point is defined as follows (the definition of
a lower point is symmetric and is omitted here):

Suppose the current point is Pj (Xj , tj ). The upper point
Pi(Xi, ti) is a point in the current sliding window that satisfies:

1) Xi = Max (X values of current sliding window);
2) Xi > Xj + δ;
3) Pi(Xi, ti) is the last one satisfying the aforesaid condi-

tions.
where δ is the given threshold for segmentation.

c) Input variables selection using stepwise regression
analysis (SRA): As shown in Table I, a set of technical in-
dexes affecting the stock price movement have been identified
by Chang et al. [10]. These input factors are further selected
using the stepwise regression analysis (SRA) model. Stepwise
regression analysis is applied to determine the set of independent

variables that most closely affect the dependent variable. This
is accomplished by repeating the process of variable selection.
The step-by-step procedure of the SRA approach is explained
in detail in the following:

Step 1: Calculate the correlation coefficient (r) of every in-
put variable (X1 ,X2 , . . . , Xn ), i.e., technical indexes,
and output data (Y ), i.e., trading signal. Set all num-
bers in a correlation matrix.

Step 2: Choose the largest r2 value from the correlation ma-
trix (suppose Xi is the largest one in the current stage),
and derive a regression model, i.e., Ŷ = f(Xi); then,
consider the correlation of Y with other input data.
(Assuming Xj is statistically significant; α value is
applied to consider the significance of each input
variable.)

Step 3: Calculate partial F value from other input data, as
shown in (1), and choose the largest correlation co-
efficient among these input variables (assume it is
Xj ). Then, derive another regression model Ŷ =
f(Xi,Xj ) again

SSR =
∑

(Ŷi − Ȳ )
2

SSE =
∑

(Ŷi − Yi)
2

(1)

F ∗
j =

MSR(Xj |Xi)
MSE(Xj , Xi)

=
SSR/1(Xj |Xi)

SSE/(n − 2)(Xj , Xi)
, i ∈ I (2)
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Fig. 4. Flowchart of the IPLR.

Step 4: Calculate the partial F value of the original data for
input variable Xj . If the value is smaller than a user-
defined threshold, it is removed from the model since
Xj is not statistically significant for the output.

Step 5: Repeat step 3 to step 4. If every input variable’s partial
F value is greater than the user-defined threshold,
then stop. It means that every input value should have
a significant influence on the output value. According
to [7] and [9], if F value of a specific variable is
greater than the user-defined threshold, it is added
to the model as a significant factor. When F value
of a specific variable is smaller than a user-defined
threshold, it is removed from the model. The statistical
software Statistics Package for Social Science (SPSS)
for Windows version 10.0 is applied for a stepwise
regression analysis in this research.

d) Normalize the selected variables from SRA: The se-
lected variables from SRA are normalized as follows:

X ′
i =

Xi − Xmin

Xmax − Xmin
. (3)

e) Normalized variables input to BPN for trading point
prediction: The set of normalized variables and trading points
are inputted to BPN for training the connection weight. Once
the model is trained, it can be applied to future trading point
predictions.

3) Threshold Optimization: During the variable optimizing
process, PLR is preprocessed using five initial thresholds (5.0,
1.0, 0.5, 0.1, and 0.01). Different threshold values, when ap-
plied in PLR, will generate different patterns of trading signals.
The threshold value with the largest profit among these five is

Fig. 5. Two point’s crossover.

selected, and the corresponding input variables are decided for
IPLR simultaneously. The detailed procedures as regards IPLR
are explained in the following.

a) Step 1 (coding): Binary code is adopted here. To de-
termine the degree of accuracy, chromosome length needs to be
decided after the design of the experiments.

b) Step 2 (generate initial solutions): Initial solutions of
the threshold values are generated by randomly assigning 0 or 1
to each gene of the chromosome, and in total, we will generate
50, i.e., the number of the population for each generation.

c) Step 3 (calculate the fitness value): For each chromo-
some, i.e., the threshold value, PLR is applied to segment the
time-series data into subsegments. Then, related trading signals
are generated and inputted to BPN for supervised training. After
training, BPN is employed to generate future trading signals on
these testing data. The total profit of each stock is calculated
according to the formula as follows:

Profits = A

k∏
i=1

{[
(1 − a − b) × CSi

− (1 + a) × CBi

(1 + a) × CBi

]}

(4)
where A is the total amount of money to be invested at the
beginning; a refers to the tax rate of the ith transaction (for
the Taiwanese stock exchange market), b refers to the handling
charge of the the ith transaction, k refers to the total number of
transactions in the current chromosome, CSi

is the selling price
of the ith transaction, and CBi

is the buying price of the ith
transaction.

d) Step 4 (representation and selection): The tournament
method is used in this study.

e) Step 5 (crossover): The two-point crossover method is
applied here, and is represented as Fig. 5.

f) Step 6 (mutation): The two-point mutation method, as
shown in Fig. 6, is adopted in the research.

g) Step 7 (replacement): If the fitness value of current
chromosome is better than any one generated from the previous
generation, replace it.

h) Step 8 (terminate): If the number of generations
reaches the limit, then terminate the process and output the
best result; otherwise go to step 3.

The most useful capability of GA in IPLR is to search for the
best threshold value for PLR in order to generate more suitable
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Fig. 6. Two point’s mutation.

trading signals to feed into the BPN. The BPN will be described
in the following section.

C. Backpropagation Network

After generating the subsegments through PLR, the trading
signals need to be transformed into 0 or 1 before they are fed
into the BPN. By adopting PLR, the subsegments are divided
and the trends of time-series data are defined as follows:

If Ci ≥ C + δ, trend = upward

If Ci ≤ C − δ, trend = downward

If Ci − δ < C < Ci + δ, trend = steady (5)

where Ci is the stock price of the ith turning point; and C is the
stock price of the current turning point; × is the threshold for
judging the trend of the stock price and the trend is transferred
as an output value of BPN. If the trend changes from up to
down, the trading signal is changed from 0 to 1; if the trend
changes from down to up, the trading signal is changed from 1
to 0; otherwise, the signal does not change. The trading signals
of AU Optronics Corporation (AUO) are illustrated in a table.

However, the aforesaid definition of trading signals is not
quite related to the price variation. A trading signal should be
able to reflect the price variation and provide more detailed
information for the investor to make a precise decision for stock
trading. Therefore, we redefine the trading signals according to
the tendency of the stock and this is shown in (6) and (7).

If a stock is on uptrend

ti =
[

Ci − min{Ci, Ci+1 , Ci+2}
max{Ci, Ci+1 , Ci+2} − min{Ci, Ci+1 , Ci+2}

]
× 0.5.

(6)
If a stock is on downtrend

ti =
([

Ci − min{Ci, Ci+1 , Ci+2}
max{Ci, Ci+1 , Ci+2} − min{Ci, Ci+1 , Ci+2}

]

× 0.5
)

+ 0.5 (7)

where Ci means the stock price on the ith transaction day. This
new definition of trading signals, we believe, properly represents
the momentum of a stock price. The trading signals in Table II
are recalculated and they are shown in Table III. Instead of 0
or 1, this new trading signal is more informative, and as it is in
the range of 0 to 1, it can provide more insightful information
related to the movement of the stock price.

TABLE II
TRADING SIGNALS OF AUO

TABLE III
TRANSFORMATION OF ti

All ti values and related input variables, i.e., technical in-
dexes, are fed into the BPN for training the connection weights.

The BPN and the supervised learning, i.e., learned by sam-
ples, are chosen to train the forecasting process. After learning
(or training), the trained weight can be employed for the pre-
diction of future occurrences. The structure of the BPN consists
of three layers: input, hidden, and output layers, as shown in
Fig. 7. Each layer contains I , J , and K nodes denoted, respec-
tively, by circles. The node is also called neuron or unit. The
circles are connected by links, denoted by arrows, each of which
represents a numerical weight. wij denotes numerical weights
between input and hidden layers, and so does wjk , between
hidden and output layers, as also shown in Fig. 7. The process-
ing or computation is performed in each node in the hidden
and output layers. As for the number of layers and number of
nodes, they will be further decided in relation to the design of
the experiment.

The backpropagation learning algorithm consists of two pro-
cedures: 1) a feedforward step and 2) a backpropagation weight
training step.

During the training process, input variables to the BPN are
selected by the stepwise regression model and so each stock has
different input variables. The input technical index is selected
from a pool of 23 indexes in combination, as shown in Table I.

After the training process, the output of the BPN for a par-
ticular set of inputs, i.e., the technical index is automatically
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Fig. 7. Structure of backpropagation neural network.

transformed into a trading signal according to (6) or (7). How-
ever, in real-world application, since the technical index for the
current day is not available until the closing of the day, i.e., 1:30
P.M. Taiwan time, once a trading signal is generated, the stock
market has been closed already. As such, it is not possible to buy
or sell stock at this moment. To avoid this problem, the buy or
sell price for a trading signal is decided based on the next day’s
opening price instead. There is only a minor difference between
the current day’s closing price and the following day’s opening
price.

To make a trading decision, there should be a metarule to
track the trend and decide when to trade. In this study, the
average of ti in the training stage is regarded as a boundary
condition when making a judgment about the trading decision.
For example, 0.508 is the boundary condition in this case. A
simple example from Green Point Corporation (GP) is applied
to demonstrate this working principle. For a financial time series
with ten stock data from GP, the threshold is set up as 0.01, 0.1,
0.5, 1.0, and 5.0 and according to SRA input variables selected
for each threshold value. This is shown in Table IV.

According to the inputs 12RSI, ∆6MA, ∆9K, and ∆12RSI,
when the threshold value is 1.0, the corresponding output is a
transformed trading signal. This dataset is inputted to the BPN
for supervised training. After the training process, a new set of
test data is inputted to the BPN to generate a set of outputs, i.e.,
trading signals, as shown in Table V. They are the outputs from
the BPN including the stock price and the corresponding trading
signals.

These outputs in Table V can be further transformed into a
figure by showing the relationship between trading signals and
output values from the BPN and this is shown in Fig. 8.

As shown in Fig. 8, there are six turning points detected in
Table V. The trading decision is made once a change of the
trading signal passes through the boundary value, i.e., 0.508 in
this case. If the change is upward, a selling decision is made.
On the contrary, if the change is downward, a buying decision is
made. The profitability of these trading decisions is calculated

TABLE IV
INPUT VARIABLES FOR EACH THRESHOLD VALUE IN GP STOCK

TABLE V
FINAL TRADING DECISION FROM BPN

according to (4) and the profit of each transaction is accumulated
to provide a calculation of final total profits.

IV. NUMERICAL EXAMPLES

In this section, nine different stocks are selected for per-
formance comparisons of the IPLR model. Three of them are
on the uptrend (AUO, Epistar Corporation (EPISTAR), GP,
three are on the downtrend (Silicon Integrated System Corpora-
tion (SiS), SENAO International Corporation (SENAO), D-Link
Corporation (D-LINK), and others are steady (Foxlink Cor-
poration (FOXLINK), Compal Corporation (COMPAL), UMC
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Fig. 8. Relation between trading signals and output values from BPN.

Fig. 9. Three stocks in up-trend.

Corporation (UMC)). In the following, these stocks in different
tendencies are shown in Figs. 9–11. The historic data covers the
financial time-series data from 2004/01/02 to 2006/04/12 and the
training data is based on the data from 2004/01/02 to 2005/9/30.
As for the test data, it is drawn from 2005/10/01 to 2006/04/12.

The rule applied to decide whether a stock is in an uptrend or
downtrend state is made according to the tendency of the moving
average. For an uptrend stock, its 30-day moving average will
cross over its 90-day moving average. On the contrary, as regards
a downtrend stock, its 30-day moving average will cross under
its 90-day moving average. There is no major tendency of 30-day
moving average with 90-day moving average for a steady stock.

Fig. 10. Three stocks in down-trend.

Fig. 11. Three stocks in steady state.

The main purpose of instance selection is to identify whether
there are major performance differences among these three types
of stocks in our IPLR model. However, even if the downtrend
stock is selected; investors can also make good trading decisions
if the proposed model is good enough.

A. Input Variables for IPLR and Parameter Setting of BPN

Input variables for the IPLR are based on the best profit from
the five threshold values, i.e., 0.01 up to 5.0. If threshold 1.0
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TABLE VI
PARAMETER SETUP FOR BPN BY DOE (DESIGN OF EXPERIMENTAL)

TABLE VII
INPUT VARIABLES FOR DIFFERENT THRESHOLD VALUES BY SRA FOR PLR

TABLE VIII
TREATMENT LEVEL OF EACH FACTOR IN GA

generates the maximum profit among them, the input variables to
the BPN are then selected for the IPLR. To simplify the process,
these input variables remain the same throughout the whole
evolutionary process since it is very troublesome if another
variable selection process is to be restarted again.

The parameter setting of the BPN, including the number of
hidden layer, transfer function, and learning rule, etc., will be
decided by the design of experimental (DOE). These parameters
are important because they will affect the system performance if
they are not properly adjusted. The final setup of the parameters
for the BPN is listed in Table VI after the DOE experimental
tests.

For our case sample in GP stock, the best threshold value
is 5.0 with maximum profit and the input variables selected
are 5BIAS, 10BIAS, 12RSI, ∆5BIAS, 9MACD, 12W%R, and
∆9MACD, as shown in Table VII. These input variables are
applied in IPLR procedures and they are not changed at all
throughout the whole evolutionary processes.

B. Best Parameters Setting of GA in IPLR

To further improve the performance of the PLR, the genetic
algorithm is applied to further fine-tune the threshold value.
However, there are several parameters to be set up for the ap-
proach; the number of generations, the number of population,
crossover rate, and the mutation rate. The experiments are re-
peated ten times for each different combination. To analyze the
impact of each factor, the variable analysis is undertaken for
each factor in order to identify the significant factors. The final
results are shown in Table VIII.

TABLE IX
ANALYSIS OF VARIABLES

Fig. 12. Interaction plot of different factors.

F -value and P -value (see Table IX) are two statistically ob-
served significance levels. A parameter is of significant influence
when its F -value is greater than F (k − 1, n − k) where n is
the total number of factors investigated and k is the number of
sources. P -value is the smallest fixed level at which the null hy-
pothesis can be rejected. If the P value is less than 0.05, it would
reject the null hypothesis. As shown in Fig. 12 (the interaction
plot of different factors), the best combination of these factors
is generation number (50), population number (10), crossover
rate (1.0), and mutation rate (0.05), respectively, and the profit
is the highest among these combinations.

C. Comparisons of Different Prediction Models

After setting up the parameters of the experiments, we com-
pared the proposed IPLR method with three existing methods.
These three different algorithms to be compared are the rule-
based BPNs by Chou et al. [43], a Trading solutions software
package [48], and the PLR-BPN approach. Through a series of
experimental tests, we find that IPLR consistently generates the
highest profit among all and PLR-BPN comes second for those
nine different stocks. The overall comparisons of these three
different models on these nine different stocks in terms of rate
of return are shown in Table X.

In addition, S&P 500 index is also applied for comparing the
performance of these three different approaches [43], [48]. The
S&P 500 index data include four-year data, i.e., 2000–2003, for

Authorized licensed use limited to: Hong. Downloaded on February 7, 2009 at 23:52 from IEEE Xplore.  Restrictions apply.



90 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART C: APPLICATIONS AND REVIEWS, VOL. 39, NO. 1, JANUARY 2009

TABLE X
OVERALL COMPARISON OF RULE-BASED BPN, PLR, AND IPLR ON THESE

NINE DIFFERENT STOCKS IN TERMS OF RATE OF RETURN

TABLE XI
OVERALL COMPARISONS OF RULE-BASED BPN, TRADING

SOLUTION [48], AND IPLR ON S&P500

training, and 9-month-period data, i.e., January to September
2004, for testing. The profit of each model is shown in Table XI.
Once again, IPLR generates the highest profit among all. Trading
points generated by each model are shown in Figs. 13–15. We
also take into consideration the trading fee, i.e., 40 U.S. dollars
per transaction.

D. Discussion

The GA is applied to search for the best threshold value during
the evolutionary process; however, the computational time to
evaluate fitness is significant. That is why the GA evolving
process is designed with only 50 generations. Another reason
is that the output from the PLR has been pretty good already;
therefore, the evolutionary processes can quickly converge after
certain iterations. The reason for applying GA is because of its
good global search ability. Of course, we also compare the GA
approach with the simple multistart search and the results are
shown in Table XII. S&P500 index data is applied for training
and testing. As observed in Table XII, GA still performs better
than the multistart search approach in terms of profit making
with only a small loss of computational time.

Fig. 13. Trading points from rule-based BPN.

Fig. 14. Trading points from trading solutions.

Fig. 15. Trading points from IPLR.

The comparison between GA and a simple multistart search
shows that GA can further improve the profit by 16.5% in S&P
500 over the multistart approach. Of course, GA uses more
computational time in searching for a better solution. However,
time is spent off-line in training the BPN. The training process is
only needed when the neural network is applied for the first time.
It may take a couple of days to perform a retraining when needed.
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TABLE XII
COMPARISONS OF GA AND SIMPLE MULTISTART SEARCH FOR S&P500 INDEX

TABLE XIII
COMPARISONS OF GA AND SIMPLE MULTISTART

SEARCH FOR AUO AND SIS AND UMC

Therefore, the computational time can be justified by making
more profits (average 47.27% for uptrend-AUO, steady-UMC,
and downtrend-SIS stocks), as shown in Table XIII, where the
training time is off-line.

V. CONCLUSION

A considerable amount of research has been conducted to
study the behavior of stock price movement. However, the in-
vestor is more interested in making profit by being provided
simple trading decisions such as buy/hold/sell from the sys-
tem rather than determining the stock price itself. Therefore, a
different approach is made by applying PLR to decompose the
historical data into different segments. As a result, turning points
(trough or peak) of the historical stock data can be detected and
then be input to the BPN to train the connection weight of the
model. Then, a new set of input data can trigger the model when
a buy or sell point is detected by the BPN. An intelligent PLR
model is further developed by integrating the GA with the PLR.
This improves the threshold value of PLR to further increase the
profitability of the model.

The IPLR model is tested on three different types of stocks,
i.e., uptrend, steady, and downtrend. The experimental results
show that the IPLR approach can make a significant amount of
profit especially on uptrend and downtrend states rather than
steady state. In summary, the proposed system is very effective
and encouraging in its predictions regarding the future trading
points of a specific stock. However, there is one issue to be
further discussed and that is the price variation of the stock. It is
observed that if the price variation of the current stock is to be

forecasted either in an uptrend or a downtrend, then it is better
that we train our BPN with a similar pattern, i.e., either in a
similar uptrend or downtrend period.

In the future, the proposed system can be further investigated
by incorporating other SC techniques or by providing a better
forecasting model other than BPN. They are listed as follows:

1) Clustering of financial time-series data: Data preprocess-
ing is one of the features that can be applied in financial
time-series data processing. Effective clustering of time-
series data can further improve the forecasting accuracy
of the forecasting system. But how these data are to be
clustered and what input factors are needed are interesting
issues to be further investigated?

2) A different forecasting model: There are numerous fore-
casting models other than the BPN model in the literature.
It is important to study the behavior of these models when
applied to predictions of the stock’s trading point. Differ-
ent input factors and different forecasting models, such as
support vector machine, FNN, and case-based reasoning
(CBR) are possible candidates for improving the accuracy
of the proposed model.

3) A similar training pattern: The performance of BPN is
quite sensitive to the set of training data. It is more ap-
propriate if one can retrieve the set of data with a similar
pattern to the testing data from the historical data. The
profitability of the system should be further improved.
Therefore, a CBR technique can be applied in retrieving
the set of training data with similar patterns to the set of
data to be forecasted.
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