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Abstract

In recent years, many attempts have been made to predict the behavior of bonds, currencies, stock or other economic markets.
Most previous experiments used the neural network models for the stock market forecasting. The KOSPI 200 (Korea Composite
Stock Price Index 200) is modeled by using different neural networks and fuzzy logic. In this paper, the neural network, the
dynamic polynomial neural network (DPNN) and the fuzzy logic employed for the prediction of the KOSPI 200. The prediction
results are compared by the root mean squared error (RMSE) and scatter plot, respectively. The results show that the performance
of the fuzzy system is little bit worse than that of the DPNN but better than that of the neural network. We can develop the

desired fuzzy system by optimization methods.
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1. Introduction

Recently, the stock price index is being focused because
this represents the economical development and conditions.
The prediction of the stock price index is to predict the price
trend of the future for preparing the dynamical changes of the
markets. Practically the economist or statistics are using the
charts or history data to predict the stock price index [1]. In
general, the prediction of the stock price is separated into the
technical analysis and fundamental analysis. But in the real
market, it is very difficult and complicated to predict because
there are the complexity and uncertainty in the market. It
causes the incorrect predicted results. The technical analysis
focuses on market movement, while the fundamental analysis
concentrates on economical balance of supply and demand that
is the cause of the price pattern as rise, steadiness, and fall.
Both analyzing approaches have the same goals to identify the
direction of the price movement. But the approach way is
difference that fundamental analyzers study the causes of the
market movement while technical analyzers research the
effects of the market movement.

The artificial techniques are applied for the prediction
system of the stock price and introduced as the commercial
application for the prediction [2]. The neural networks are
broadly employed for the prediction system that uses just
history data. But the performance can be worse with respect
to the market conditions. On the other hand, the fuzzy logic
can use the humans knowledge, so if we can have good
market information, the fuzzy model shows the better
performance under the changeable market conditions [3], [4].
Also the neural network model and the dynamic polynomial

Manuscript received May. 15, 2003; revised May. 1, 2003

KOSPI 200, fuzzy, neural network, dynamic polynomial neural network

neural network (DPNN) model are introduced in this paper
[5], [6]. The inputs of both neural networks are the stock
price of the industrial fields for the prediction of the
tomorrows stock price that affects the composite stock price
index. Also the fuzzy model is applied to do the same
purpose. The inputs of the fuzzy model are extracted based
upon the moving average that is one of typical prediction
approaches of the stock price index. In the experimental
results, the prediction performance is presented that is
produced by the neural network model, the DPNN model, and
the fuzzy model using the KOSPI 200. The major goal of the
results is to compare all of the performance of the models.
Also the merits of the fuzzy system will be shown in the
paper. Simulated annealing called the derivative free
optimization method is employed to optimize the fuzzy
membership functions [7], [8], [9].

2. Background of System

2.1 Neural Network

An important difference between neural networks and
standard IT solutions is their ability to learn. The main
advantages of ANNs stem from their ability to recognize
patterns in data. This can be achieved without a priori
knowledge of causal rrelationships, as would be necessary in
knowledge based systems. ANNs ability to generalize
relationships from input patterns make them less sensitive to
noisy data than other approaches. Their ability to represent
non-linear relationships makes them well suited for a large
variety of applications, such as some industrial control systems
or financial forecasting, where linear relationships do not hold.

In this paper, three layers are constructed consisting of
input layer (7 neurons), hidden layer (10 neurons), and output
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layer (1 neuron). The procedure of finding a gradient vector
in a network structure is generally referred to as
backpropagation because the gradient vector is calculated in
the direction opposite to the flow of the output of each node.
The input variables consist of seven numbers of values that
are the index of the manufacturing, telecommunication,
construction, financial service, wholesale, retail & other
services, and the KOSPI 200 index of yesterday and today.
The tomorrow's KOSPI 200 index is predicted by using these
inputs.

2.2 Dynamic Polynomial Neural Network (DPNN)

2.2.1 Basic Structure of DPNN

PNN based on the GMDH algorithm is a useful method to
model the system from many observed data and input
variables. It is widely employed for the modeling of dynamic
systems, prediction, and artificial intelligent control because of
the advantages in data handling. The basic structure of DPNN
is shown in Fig. 2 that includes the recurrent inputs with
one-to-n time delayed output variables. Therefore, this kind of
PNN is called as DPNN [10]. In DPNN system, a reference
function is  Volterra functional series known as
Kolmogorov-Gabor polynomial.
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Fig. 1. Structure of neural network.
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Fig. 2. Basic structure of DPNN.
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The least square estimator (LSE) is applied for estimating
the parameters at an each node to minimize an objective
function. If there is m number of data, the output equations at
each node are formed as follows:
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where x,=1, y;=Q@ w.

Statistical learning networks have no loops. Therefore the
network is a tree of interconnected functions that implements
a single input/output function. In the literature, there are
described several composition schemes for network functions
and corresponding estimation algorithms [11]. The parameters
are estimated by
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All of parameters are estimated in this step and then the
polynomial equation is completely determined for the node's
output in each layer.

2.2.2 Performance Criterion (PC)

One of the most common and difficult problems in the
empirical modeling arena is the question of when to stop
searching the free parameters or adding terms to a model. The
goal of modeling is to obtain a predictive model that
generalizes across many such samples to the universe at large,
and not merely to the sample at hand.

By using two-separated data set, DPNN estimates param-
eters of each node and composes the network structure of the
dynamic system. Training data set is used to adjust the
parameter of function of each node and testing data set is
employed to evaluate performance of models. DPNN selects
the input to the next node by performance indicator and
according to training error and testing error by performance
criterion, network structure is determined by itself as shown in
Fig. 3.

The proposed performance criterion for a model selection is
based on the GMDH to minimize the error and at the same
time to prevent overfitting of the empirical data set. As a
proper criterion for the verification of the model, the observed
data are divided into two sets, N, for training and N for
testing purposes [12]. The performance criterion is calculated
as
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where n,4 is the number of data points in the data set
Ny and yi is the real output of data set N, fa(xh) is
the estimated output for the data set N from the model

identified using the data set N, is a weight factor on the
difference between ¢; and ¢,. We want to minimize the PC
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to find the best model for N, and N

2.3 Fuzzy Logic

2.3.1 Basic Concept of Fuzzy Logic

Formally, fuzzy logic is a structured, model-free estimator
that approximates a function through linguistic input/output
associations. Fuzzy rule-based systems apply these methods to
solve many types of real-world problems, especially where a
system is difficult to model, is controlled by a human operator
or expert, or where ambiguity or vagueness is common. A
typical fuzzy system consists of a rule base, membership
functions, and an inference procedure (see Fig. 4). Some fuzzy
logic applications include control, information systems, pattern
recognition, and decision support.

3. Prediction Models

3.1 Knowledge Information

3.1.1 KOSPI 200 Index

KOSPI 200 is to deal with two stock price markets. One is
the futures market started from Jun 3 1996; the other is the
options market opened from July 7 1997 KOSPI 200 is a
capitalization-weighted index composed of 200 stocks from a
broad range of industries. The component stocks are weighted
according to the total market value of their outstanding shares.
The impact of a component's price change is proportional to
the issue's total market value, which is the share price time
the number of shares outstanding. The base value for KOSPI
200 is adjusted to reflect changes in capitalization resulting
from mergers, acquisition, stock rights, substitution, etc. The
feature and methodology of the KOSPI 200 calculation is
virtually identical to the KOSPI calculation except the fact
that the KOSPI 200 is a 200-sampled constituent index. The
base index is 100 and the base date is January 3, 1990. The
KOSPI 200 is calculated by the following formula:

_ _Current aguregated market value of component stocks
KOSPI 200= Base aggregated market value of component stocks * 100
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Fig. 3. Data split for training and testing data.

Defuzzifier
Q (Max, average, ﬁ:> Output
centroids, singleton}

Fuzzifier — Fuzz
Input Q!(:Jlembersmp functions) Lﬁ> engine

y Inference
i)

Fig. 4. Basic procedure of fuzzy inference system.

3.1.2 Moving Average

One of the indexes for the stock price is the moving
average that presents the trend of the stock price. The main
concept of the moving average is to extract the specific
pattern from the history data for the future prediction. For
each point in time, ¢, the Moving Average, A(#), is defined
to be equal to

AW =(PO+Pt—1D++Pt—n—1))/n (6)

3.1.3 Trifle Cross Method

Trifle cross method is one of the popular analysis method
of the index that combines the moving average of the 4
days-9 days-18 days generally. In this paper, the moving
average of 5 days-10 days-20 days is applied for the trifle
cross method. Fig. 5 is a simple example of the application.
The general knowledge is as follows.

A: the moving average of 5 days is going through
the moving average of 10 days and 20 days
= golden cross (rising trend)

B: the moving average of 5days is steady in the
moving average of 120 days, 10 days is rising,
and 20 days is edge along.
= steadiness

C. the moving average of 5 days is under 10 days
and 10 days is under 20 days.
= dead cross (falling trend)

From the cross pattern of the moving averages we can
decide the trend of the stock price as rising, steadiness, and
falling.

5days 10days 20days 120days

Fig. 5. Moving average crosses.

3.2 Extraction of Knowledge Information

The inputs of the fuzzy system is defined by the general
knowledge of the KOSPI 200 that is the pattern of the
moving average such as the trifle cross method. This
knowledge is called knowledge information. In the fuzzy
system, the fuzzy rules have to be extracted by the expert's
knowledge or data because the fuzzy logic is one of rule-base
model. But in the neural network models, inputs are just data
variables. It is easier model to operate than the fuzzy model.

3.2.1 Knowledge Extraction for Fuzzy Rules

As mentioned before, the outputs of the trifle cross method
is employed for the inputs of the fuzzy system. Table 1 and 2
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indicate the way to extract inputs from the moving average
lines. As shown in table 1, the trend of tomorrow is
determined by the moving average of today. This basic
concept of the stock price index variation can be expressed by
the following flow.

Table 1. Basic knowledge for generating rules.

20days | ==« m— — 10days
—————— Sdays | = = = = = = 5days
————— 10days 20days
Rising 1 Falling 1
—————— Sdays | ===+ =~— - == 1(Qdays
20days 20days
— e ((dAyS [ - - 5days
Rising 2 Falling 2
—————— Sdays 20days
————— 10days | === « = « == {0days
20days | == = = = - Sdays
Rising Falling

Table 2. Quantization of each defined case.

5days-10days (+) | S5days-10days (-)
Rising 1 Falling 1
5days-10days (+) | Sdays-10days (-)
Rising 2 Falling 2
5days-20days (+) | 5days-20days (-)
Rising Falling

Table 3. Fuzzy look-up table of defined rules.

1 y Rising 1|Rising 2| Rising |Falling 1|Falling 2| Falling
Rising 1 PB PB NS
Rising2| NS PB ZE
Rising NS PB NS NB
Fatling 1 PS NB NB
Falling 2| ZE PS NB
Falling [ PS PB PS NB

RisingI=Rising2= Rising=>Falling I=Falling2=>Falling

All change is moving with 6 steps. Table 2 shows the
calculation technique that is based upon Table 1. If we want
to predict tomorrow's prices index, the first input of the fuzzy
system is the difference moving average between the 5 days
and 10 days before from today (7). The other input is the
difference moving average between the 5 days and 10 days
before from yesterday (7-1). From this procedure, the fuzzy
rules are extracted based on the experienced knowledge kind
of the trifle cross method.

3.2.2 Fuzzy Rule Generation for the Prediction
Through preprocessing two fuzzy inputs are generated as T

10

and 7-1. And the output of the fuzzy model is the real stock
price index of tomorrow. In the fuzzy model Gaussian
functions are employed for the fuzzy membership functions
and the Mamdani fuzzy inference method is applied for the
rule inference. Total rules based on the moving average are
20 numbers as shown in Table 3.

4. Experimental Results

4.1 Simulation Conditions

In this paper, the results of the neural network model,
DPNN model, and fuzzy model optimized by simulated
annealing are compared together. Both neural networks and
DPNNs are the model of the network type and the fuzzy
model is a knowledge-based type. The two inputs of the
networks are daily KOSPI 200 and the industrial index
announced by Korea Stock Exchange. The all inputs consist of
today's index and yesterday's index.

The training data of the neural networks are KOSPI 200that
is chosen by the data time from Jan. 4 1999 to Dec. 26
2000and the testing data are selected by the data time from
Jan. 2 2001 to Aug. 28 2001.

4.2 Prediction Results

Fig. 6, 7, and 8 show the training results of three models
using the data from Jan. 4 1999 to Dec. 26 2000. The
training results show that three models are trained well by
using the training data. It means that the procedure of the
training is working properly.

Fig. 9, 10, and 11 are to present the testing results of three
models that are taken the data from Jan. 2 2001 to Aug. 8
2001. In the experimental results, the performance of the
DPNN model is the best for the prediction of the stock price
index. The fuzzy model shows the better performance than the
performance of the neural network model.

KO3PI 20
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Fig. 6. Training result of the NN model.
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Fig. 7. Training result of the DPNN model.
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Fig. 8. Training result of the fuzzy model.
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Fig. 9. Testing result of the NN model.
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Fig. 10. Testing result of the DPNN model.
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Fig. 11. Testing result of the fuzzy model.

As shown in Fig. 12, 13, and 14, the scatter plot represents
the prediction performance comparing the real values and
prediction value. The points are grouping around the diagonal
line as it has prediction performance. So from the graphs the
DPNN model shows the best performance and the fuzzy
model has a good prediction performance secondly. The neural
network  model shows the  worst  performance.

Table 5 presents RMSE (root-mean squared error) that is
one of performance criteria. The performance is better with
lower values. In the table, the DPNN model has the lowest
RMSE value so this model is the best for the performance.
This result is the same with the result of the scatter plot. Next
good model is the fuzzy model that has the 4.9131 RMSE
value, But when we consider the correlation value fuzzy
model is the best model because this model can follow the

direction of the real value trend well.
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Fig. 14. Scatter plot of the fuzzy model.

Table 5. The performance index using RMSE.

Model
Error NN model DPNN model | Fuzzy model
RMSE 8.3852 3.3703 49131
R2 0.6717 0.7213 0.8912

5. Conclusion

The main goal of this research is to design the intelligent
models using the history data and knowledge information. For
the knowledge-based model, the fuzzy logic is employed and
the optimization method is applied for the optimization of the
membership functions. In this paper, the prediction target is
KOSPI 200 that is the typical non-linear data. The neural
network model uses the just history data for the model inputs
but the fuzzy model takes the knowledge-based rules that are
extracted from data, user's knowledge, and so on. If the
knowledge information is more correct to the real world
index, the result of the prediction should be getting better. In
this paper, the moving average is used for generating rules but
it could be change with respect to the knowledge what the
user wants to apply for the prediction models.
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The scatter plot and RMSE are applied for the performance
comparison. Both methods show the same result of the
prediction models. Through the results of three models, the
fuzzy model is not so bed to predict the stock price index.
The DPNN model is the best but it has no capability to infer
the various environmental conditions. Therefore the fuzzy
model can be applied in the stock prediction because of the
merits of the model.
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