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Abstract: This paper proposes financial time-series forecasting using a fesgleetion method based on the non-overlap area
distribution measurement method supported in a neural network with te€ifiiizzy membership functions (NEWFM) and the Takagi-
Sugeno (T-S) fuzzy model. The non-overlap area distribution meamnt method selects the minimum number of features with the
highest performance by removing the worst features one by orng paper use€PP, m (current price position on day n: percentage
of the difference between the price on day n and the moving average pagt m days’ prices from dayl) as a technical indicator.
The performance result improves from 58.35% to 58.86% V@i, 5 is added to a minimum number of features that are selected by
the non-overlap area distribution measurement method. The T-S finadgl can provide the weighted average defuzzification method
to represent a trend line such as a financial time series. This papealigdemonstrates fluctuations similar to a financial time series
of the daily KOSPI’s trend line by the defuzzification method.
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1 Introduction [11][12]. However, while knowing whether stock prices
will go up or down is important, identifying the trend in
A useful technique to facilitate knowledge discovery from prices is also important. The trend of stock prices can be
a database (KDD) is to select the minimum number ofused as basic data in forecasting the sizes of rises and
features with the highest performance result, thusdrops.
ensuring low operation costs. Principal component This paper suggests financial time-series forecasting
analysis (PCA) is a vector space transform often used taising a feature selection method based on the non-overlap
reduce multidimensional data sets to lower dimensionsarea distribution measurement method supported in a
for analysis. PCA arranges components in descendingeural network with weighted fuzzy membership
order according to their significance in contributing to the functions (NEWFM) [7][10] and the Takagi-Sugeno (T-S)
overall data variations [1]. Therefore, the first principal fuzzy model [8]. The non-overlap area distribution
component explains most of the variation in the given measurement method removes the worst features one by
data. The second principal component explains the causene, and then selects the minimum number of features,
of the next level of variation, and so on. However, each of which constructs an interpretable fuzzy
although PCA reduces multidimensional data sets to lonmembership function. All features are interpretably
dimensions for analysis, it cannot reduce the number oformed in weighted fuzzy membership functions,
features. Therefore, PCA does not have the generabreserving the disjunctive fuzzy information and
advantage of feature selection. characteristics. The NEWFM'’s performance results are
Existing studies of stock forecasting that are evaluated by the same number of features used by Kim
representative of time-series forecasting have mainly[2], and also by the minimum number of features selected
focused on whether stock prices will go up or down by the non-overlap area distribution measurement
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method. We propose a financial time-series forecastingpattern. The hyperbox layer consists of hyperbox
model that is represented by the weighted averaganodes. Each hyperbox no@g to be connected to a class
defuzzification method of the T-S fuzzy model. node containsy BSWFMs for n input nodes. The class
layer is composed op class nodes, each of which is
connected to one or more hyperbox nodes. In this paper,
the output layer is designed to support financial
time-series forecasting based on the T-S fuzzy model [8].
The h" input pattern can be recorded as
Ih = {Ay = (a1, &, ..., &), class}, whereclass is the
result of classification andy, is n features of an input
attern.

2 Overview of Financial Time-Series
Forecasting M odel

Figure 2.1 shows the financial time-series forecasting
model, which consists of four steps. In the first step, 12
technical indicators are selected to preprocess thé
financial data. In the second step, the minimum number o*
features is selected by the non-overlap area distributior
measurement method based on a NEWFM [7][10]. In the
third step, the NEWFM forecasts the highest performance
results with the minimum number of features. In the final
step, the T-S fuzzy model is used to support the financia
time series.
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Figure 2.1: Diagram of financial time-series forecasting
model.
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2.1 Experimental data Figure 2.2: Structure of the NEWFM.
This paper used 2,928 trading days, from January 1989 to

December 1998, which was the total number of sample ;

used by Kim, and also the 12 technical indicators selectegg Feature Selection

by Kim [2], to forecast changes in the daily Korean Selecting the number of fuzzy rules and identifying the

composite stock price index (KOSPI). Kim divided the
samples into two subsets, training sets and holdout set
which included 2,347 and 581 trading days, respectivel
Table 1 shows the 12 technical indicators and their
formulas [2]. This paper aimed to forecast changes in th
daily KOSPI. Increases and decreases in the KOSPI wer

e

important features have received attention in recent

y?i‘terature [3][41[6][9]. In this paper, 4 minimum features

were selected by the non-overlap area distribution
measurement method [7][10] from 12 initial features. The
method measures the degree of salience of the ith feature
%y non-overlapped areas with the area distribution by

classified as "1” and "2" respectively; "1” means that the , . .
next day’s data are lower than today’s data, and "2” meand"¢a"s of the following equation [5]:

that the next day’s data are higher than today’s data. 1

(1+ ef\AreaiH 7Area1i_\)

f(i) = (Areal; +Area| )/ 1)

2.2 Neural network with weighted fuzzy
member ship function (NEWFM)

where Areay and Area. are the higher and lower phase
superior areas, respectively. As an example, for the good
and bad candidate features for feature selection among 12
A NEWFM [7][10][13] is a supervised classification initial features Areay andArea. are shown in Figure 3.1.
neuro-fuzzy system using the bounded sum of weightedrhe larger the value off (i), the more the feature’s
fuzzy membership functions (BSWFMs). The previous characteristic is implied.

structure of the NEWFM comprises three layers: the

input, hyperbox, and class layers. The new structure of

the NEWFM, illustrated in Figure 2.2, comprises four

layers: the input, hyperbox, class, and output layers. The

input layer contains input nodes for am-featured input
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Table 1. Initial features and their formulas

Feature name Formula
Stochastic %K i x 100
n—1 .
Stochastic %D %
n—1 .
Stochastic Slow %D %
Momentum CG—-GC_as
ROC (Rate of Change) o= % 100
Larry William's %R FE=t- % 100
Accumulation /Distribution (A/D) Oscillator H,L,t’_c}_f
Disparity 5 days ﬁ x 100
Disparity 10 days A x 100
Price Oscillator (OSCP) %A'\QAN
Commodity Channel Index (CCI) e -
Relative Strength Index (RSI 100—
lative Strength Index (RS1) - L Up )/ (5T g Dw /)
G is the closing price at timg L; is the low price at time, LL; is the lowest low price in the pastiays,
H; is the high price at timg HH; is the highest high price in the pasdays,MA; is the moving average ¢fdays,
M; is (Ht+Lt+Ct)/3, SM; is Zin:]_ Mt,i+1/n, D; is ZP:]_ |Mt7i+1 — SMt|/n,
U p is an upward price change, abay; is a downward price change.
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Figure 3.2 Numbers of accumulated features with the

(&) An example of a good candidate feature for featuresmallest non-overlap area for feature selection.

The worst of the 12 initial features are removed one
by one by the non-overlap area distribution measurement
method [10]. The training processes and testing processes

Stochastic %K

were iterated 1000 times. Figure 3.2 shows a state where
the minimum formulaf (i) values were accumulated for
all features during 1000 iterations of the experiment. The
7th feature was judged to be the worst one, and hence, the
7th feature was deleted before the next experiment started,
and then 4 minimum features with the highest performance
results are finally selected for the holdout sets. In Table
2, /" refers to the features selected from the 12 initial
features.

This experiment for

created two hyperboxes

(b) An example of a bad candidate feature for feature agsification. A hyperbox that contains a set of lines

selection.

Figure 3.1: Areay (white) andArea, (black) for the good
and bad candidate features for feature selection among 1

initial features.

(BSWFM) in Figure 3.1 is a rule for class 1 (the lower
hase), and the other hyperbox that contains a set of lines
SWFM) is another rule for class 2 (the higher phase).
The graphs in Figure 3.1 were obtained from the
NEWFM program’s training process, and graphically
show the difference between the lower and higher phases
for each feature. The lower phase means that the next
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day’s data are lower than today’'s data. The higher phasevhereC, is the closing price on day andMAn_1 n—m IS
means that the next day’s data are higher than today’she moving average price of the pastiays from day-1.
data. Table 5 shows that the performance result increased from
58.35% to 58.86% whe@PP, s was added to 4 minimum
features that were selected by the non-overlap area
4 Experimental Results distribution measurement method.

4.1 Performance results Table 5. Comparison of performance results for NEWFM
using 5 features to NEWFM using 4 features
NEWFM using 5| NEWFM using 4
features features
Performance 58.86% 58.35%

results

Kim compared support vector machines (SVMs) with
back-propagation neural networks (BP) for forecasting
changes in the daily KOSPI [2]. The performance results
of the NEWFM shown in Table 3 were evaluated by 12
initial features, which are presented in Table 1. As Table
shows, the SVM outperformed the NEWFM by 1.03% for
the holdout data in the experiment that used 12 initial . s .
features. However, the NEWFM outperformed the SVM 4.3 Fi nanual time series based on the
by 0.52% for the holdout data in the experiment that usedlakagi-Sugeno (T-S) fuzzy model

4 minimum features selected by the non-overlap area

distribution measurement method. The T-S fuzzy model [8], a powerful tool for modeling
complex nonlinear systems, has consequent parts
Table 2. Description of the selected features consisting of linear functions and can be viewed as an
Feature name Selectel  expansion of piecewise linear partition.
Stochastic %K : o o S _
Stochastic %D 7 R D IFx1isAy, ..., XmiSAL, THENY = aj+... +axm  (3)
Stochastic Slow %D
Momentum N ¢ wy _ ‘ _
ROC (Rate of Change) y= %WiwherewI =Min{A}(X1),....An(Xm)}  (4)
Larry William’s %R 2ic1
Accumulation /Distribution (A/D) Oscillatof where R(i = 1,2,....,c) denotes thei" fuzzy rule,
Disparity 5 days v x(i = 1,2,...,m) are the input variables/ are the rule
Disparity 10 days v output variablesAl ..., Al are fuzzy sets of théh rule
Price Oscillator (OSCP) for x, and &,....al, are the parameter sets in the
Comm0d|ty Channel IndeX (CC') Consequent part.
Relative Strength Index (RSI)

—*Lower phase(y'=1) —*Higherphase(}?=2)

Table 3. Comparisons of performance results for Kim
with NEWFM using 12 initial features A
N 1

NEWFM | SVM BP -
Performance results 56.80% | 57.83% | 54.73% /,‘><)< \
Table 4. Comparisons of performance results for Kim
with NEWFM using 4 minimum features

NEWFM | SVM BP o2 03 ole 13
Performance results 58.35% | 57.83% | 54.73% ’ ' ' )
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Figure 4.1: An example of how to calculate

4.2 Improving performance results using our defuzzification value.

own technical indicator

Figure 4.1 shows examples of values to be used as

This paper use€PP, i, (current price position on day: . :
percepntgge of the cri]i#e(rence bgtwee[r)\ the price og%‘day inputs of Eq. .(4)' F_|gure 4.2 ShOWS. that although bOth the
two stock prices increase, the sizes of their rises are

and the moving average of the past m days’ prices from

A . different. Using the defuzzification values of the T-S
dayn—l) as atechnical m@cator to forecast changes in thefuzzy model tr?e sizes of stock price rises can be shown
daily KOSPI [10].CPP, m is calculated by [10]: '

as per Figure 4.2. In addition, by successively connecting
CPRym= ((Ch —MA_1n-m)/MAr_1n-m) x 100 (2)  the defuzzification values in Figure 4.2, a trend line such
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shows the financial time series of the daily KOSPI. This

result generally demonstrates fluctuations similar toehos
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