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Abstract- We propose an approach of artificial immune algorithm, fuzzy theorem, support vector
regression, and seasonal moving window to explore stock dynamism among same seasons in continuous years
for USA S&P 500 stock indexes. First, we select optimal number of trading days to calculate technical indicator
values. We apply artificial immune algorithm to locate optimal combination of technical indicators as input
variables. The property of nonlinearity and high dimensionality of the support vector regression is employed to

explore the stock price patterns.

. INTRODUCTION

The price fluctuation in securities market is esqlbc affected by many factors, such as politics,
macro economics, and investors’ psychology. Theathin change of securities market is very complex.
Although many experts and scholars have reseaiichés field, the exploration on the dynamic trend
of securities market is still a difficult challenge

In the past decade, various methods have beenynégglied to explore the internal dynamism of
stock market, such as linear and nonlinear mattieahahodels, multi-agent mechanism, and artificial
neural network (ANN) of multiple layers used to slate the potential stock market transaction
mechanism [1]. Because of the advantages of arpiftanction approximation and needlessness of
statistics assumption, ANN is widely applied in thamulation of potential market transaction
mechanism [13]. But there exist some problemstifi@al neural network, such as local optimum and
over-learning. In order to avoid those problemsnsaesearches try to combine hybrid approaches of
artificial intelligence methods and artificial nalnetwork [12].

Then, support vector machine (SVM) became a usefdilpopular method used by many researchers
to avoid local optimum and achieve significant parfance. SVM has outstanding performances in
handling high dimension entry space problems. Suigature leads to a better performance of SVM in
simulating potential market transaction mechanisamtother methods. Some researches adopt SVM to

predict stock market dynamism with financial fastasuch as

’ Corresponding author. Tel: +1 3518 6531; fax: +1 3518 6543.

E-mail address: asuradal984@yahoo.com.tw (Y. S. Lin)
of noise and outlier. SVR can convert nonlineabpgms into high dimensional space and obtain good
performance. Some research mixes models of suppcttr regression and self-organizing feature map
(SOFM) as well as filtering attribute screening hoet to predict the tertian closing price of Taiwan
Stock Index Futures (FITX) [9]. Support vector reggion is also used along with fuzzy theorem inesom
other researches to solve the two problems in gtiedi of financial time series: noise and
non-stationarity. In the research, six data itesugh as S&P500, Google, and Microsoft, from U.S.
Yahoo are adopted in the prediction experimentk [11

Artificial immune algorithm (AIA) is an intelligent problem-solving technique which has been
applied to optimization, computer security, data clustering, pattern recognition or even fault tolerance
[4]. AIA seeks to capture some aspects of the natural immune system in a computational framework

for solving engineering problems [8].

The theory of fuzzy sets was first introduced by Loti Zadeh [14], primarily in the context of his
interest in the analysis of complex systems. It introduces vagueness by eliminating the sharp boundary
dividing members of the class from nonmembers. Fuzzy theory provides the forms for representing
uncertainties. As to the application of fuzzy theorem in the financial and banking areas, previous study
uses TSK (Taskagi-Sugeno-Kang) fuzzy rule system, and applies technical indicators as input variables
to identify the meta-heuristic among them [3]. Some studies use fuzzy theorem and technical analysis
to transfer technical indicators into fuzzy technical indicators. They set up fuzzy rule for membership
function of each fuzzied technical indicator. When output is generated, the decisions are made under
different rules. Therefore, when there is change or certain trend in share price, an investment strategy
can be planned based on fuzzy logic [7].



In this paper we employ an approach of artificrahiune algorithm, fuzzy theorem, support vector
regression, and seasonal moving window to expkaekslynamism among same seasons in continuous
years for USA S&P 500. We use fuzzy c-means, fuelgtion composition, and defuzzication methods
to select optimal number of trading days to caleutachnical indicator valuedVe apply artificial
immune algorithm to locate optimal combination ethnical indicators as input variables. The
corresponding values of technical indicators akerigrom the training data to form the input vestof
SVR, which is trained through the property of noakrity and high dimensionality. Moreover, we devid
a year into four seasons and use the seasonal gwimdow to capture the stock market movement.

Il. ARTIFICIAL IMMUNE ALGORITHM

Artificial immune algorithm is inspired by theoretical immunology and observed immune functions,
principles and models, which are applied to solving engineering problems [8]. The clonal selection
algorithm is a part of AIA based on clonal expansion and affinity maturation [6]. In clonal selection
process, when detecting an antigen, the antibodies which best recognize the detected antigen is to
proliferate by cloning. This immune response is specific to each antigen.

The immune cells will be duplicated in response to a replicating antigen until it is able to recognize
and fight against this antigen. Partial newly cloned cells will be differentiated into plasma cells and
memory cells. The plasma cells will yield antibody and promote genetic variation when it performs
mutation process. The memory cells are responsible for the immunologic response for new antigen
invasion. Finally, the selection mechanism will keep the cells with the best affinity to the antigen in the
next generation. The process is described as below [5]:

(1) Initialize the first population of antibody at random.

(2) Calculate fitness value of each antibody.

(3) Generate clones by cloning all cells in the population.

(4) Mutate the clone population to produce a mature clone population.
(5) Evaluate affinity values of the clones’ population.

(6) Select the best antibody to compose the new antibody population.

(7) Steps (3) to (6) are repeated until a pre-defined termination condition is reached.

1. THE PROPOSED APPROACH

Here, we introduce how to select optimal numbetrafling days to calculate technical indicator
values, AIA design, and the details of proposedtiitacture.

3.1. The Sdlection of Best Number of Trading Days

We employ fuzzy relation composition and defuzzication methods to obtain the membership
degree between a technical indicator and the transaction strategy. The results are compared with
actual stock price fluctuation to assess coincidence rate. The day number with the best coincidence
rate is selected as the optimal number of trading days to calculate technical indicator values.

We apply fuzzy c-means algorithm to obtain the membership degree between a technical indicator
value and a cluster. Then compute the daily actual fluctuation percentage of technical indicator values
clustered into same cluster with highest membership degree to obtain membership degree between a
cluster and a transaction strategy. Finally, we compute the membership between a technical indicator
value and a transaction strategy by employing fuzzy relation composition and defuzzication methods.



(1) Applying fuzzy relation composition method to calculate the membership degree between a
technical indicator value and a transaction (buying or selling) strategy

Suppose R and S are respectively the fuzzy retiwhich are defined in the cartesian product space
(U xV) and cartesian producY&W); where,U, V, W are the fuzzy sets, the composition operator of
fuzzy relations ( T = R S) can be used to infer the fuzzy relation betwagemd W, which is defined as
follows:

Mo (u,w) = max{u, (u,v)Qu (v,w)} uOU,vOV,wOW

In our study, u (technical_indicator, cluster) is the membership degree between a technical
indicator value and a cluster, «_(cluster, buy_or_sell) is the membership degree between a cluster
and a buying or selling transaction strategy, and _(technical_indicator, buy_or_sell) is the
membership degree between a technical indicator value and a buying or selling strategy.

(2) Applying defuzzication method to calculate the membership degree between a technical indicator
value and a transaction (buying or selling) strategy

Defuzzication is the process of transferring the conclusion obtained through fuzzy inference to clear
messages. We employ Center of area of defuzzication to calculate the buying and selling membership
degree.

The equation of coincidence rate is as follows:

(1) If (membership degree of buying inferred by composition of fuzzy relations > membership degree
of selling inferred by composition of fuzzy relations), and (the actual share price on the day is
rising)
then coincidence count = coincidence count + 1

(2) If (membership degree of selling inferred by composition of fuzzy relations > membership degree
of buying inferred by composition of fuzzy relations), and (the actual share price on the day is
falling)
then coincidence count = coincidence count + 1

(3) If (membership degree of buying inferred by defuzzication > membership degree of selling
inferred by defuzzication), and (the actual share price on the day is rising)
then coincidence count = coincidence count + 1

(4) If (membership degree of selling inferred by defuzzication > membership degree of buying
inferred by defuzzication), and (the actual share price on the day is falling)
then coincidence count = coincidence count + 1

Finally, the coincidence rate can be obtained as below:

coincidence rate = total of coincidence count/
(2 * total of trading days)

3.2. Artificial Immune Algorithm Design

Here, we introduce the antibody and fitness design. The antibody includes 14 bits. Each bit
represents one technical indicator shown as Table I.

The fitness design is as below. The major factors considered include earning rate, precision, and
F-measurement. The weights adopted are 0.8 and 0.2 with trial and error method.

Fitness = (earning rate x transaction precision) x 0.8 + (F1 + F2) x 0.2
Where,

earning rate= |_| R, - P, )/Pbuy

I is transaction count of yean, P, is selling price of transactian P, is buying price of transactian
transaction precision = count of correct transastiocount of all transactions

_ 2xrising recall rate rising precision re
rising recall rate + rising precisiontea

F1




5= 2xfalling recall ratex falling precision te

falling recall rate + falling precisiorate

3.3. The Architecture of the Proposed Approach
The architecture of proposed approach is explaaseillow.
(1) Data collection: We collect stock data from U.S¥ahoo! financial website for 10 years. The
extracted period is from 1996/1/1 to 2005/12/31.
(2) Computation and normalization of technical indicatalues for specific number of trading days:
The range of number of trading days used to catetéechnical indicator values is set between 3 and
60 days. Then we normalize the values as below:

normalized value = (original value — average vpluestandard deviation.

(3) Calculating coincidence rate of a technical indicaWe employ FCM to cluster normalized
technical indicator values for a specific clustemier, calculate the membership degree between a
cluster and a transaction, and calculate the meshlpedegree between a technical indicator value
and a transaction strategy. Finally, we computecthiacidence rate for the specific number of
trading days.

(4) 1s maximum cluster number reached? : Here, we en@ifthe number of clusters employed in the
loop reached the maximum limit. If so, go to st&). (Otherwise, the number of cluster is
incremented by one. Go to step (3).

TADIC

14 bits

DIF MACD RS RSI RSV K D J PSY BIAS MTM WMS AR

BR

(5) Is maximum number of trading days used to calcuktknical indicator values reached? : Here, we
examine if the number of trading days used to ¢aleuechnical indicator values employed in this
loop has reached the maximum limit. If so, go &pst6). Otherwise, number of trading days is
incremented by one. Go to step (2).

(6) Selection of optimal number of trading days usedaiculate technical indicator values: We select
the number of trading days which leads to bestaidénce rate as the optimal one. Then we form
the training and testing data sets by using thectsll number of trading days to calculate the
corresponding technical indicator values.

(7) Initialization of antibody for AIA process: The $ir generation of AlA process is initialized at
random. A generation includes 20 antibodies ant eatibody consists 14 bits. Each bit represents
one technical indicator.

(8) Training data selection: Corresponding values décted technical indicators are extracted as
training data to form the input of SVR.

(9) Evaluation of fitness value: The extracted traindaja is used to train SVR and produce values
needed to evaluate fitness value. The kernel fanemployed is RBF.

(10)Termination criterion of AlA algorithm: the termiti@n criterion is evolution of 50 generations. If
the criterion is met, terminate the AlA process #reh go to step (12).

(11)Process of AlA: In AlA, an evolution includes cldrselection, reproduction, recombination, and
mutation. In the clonal selection process, onetquaf antibodies with the highest fitness values a
selected and duplicated using the roulette whdetSen method. In mutation, the mutation rate is
defined as 1%, and the process is redirected jpo(8)e

(12)Evaluation of testing data with trained SVR cldssifThe trained SVR classifier is used to classify
testing data to determine the proper transactioa point.

(13) Performance comparison: The performance of theqeeg approach is compared with that of other
methods to see how much the proposed method cparfutm.

IV. DATA AND EMPIRICAL RESULTS

Here, we introduce experiment description, proe@ssresults.



4.1. Experiment Description

We extract stock data from U.S.A. Yahoo! Finaneiabsite (http://finance.yahoo.com) for 10 years.
The data period is between 1996/1/1 and 2005/12/84 .data count and index levels at the ends of
years are as in Table II.

We refer to some researches and adopt 14 techin@iahtors as input variables [2]. They include
Different (DIF), Moving average convergence ancedience (MACD), Relative strength (RS), Relative
strength index (RSI), Relative strength volume (RK/line (K), D line (D), J line (J), Psychologica
line (PSY), BIAS, Momentum (MTM), Williams overbohtjoversold index (WMS), AR, and BR.

In moving window, data of a past period is treated as training data and data after that period as
testing data to form a window. The period of training data moves subsequently to form another
window. In seasonal moving window, the training data and testing data are from same seasons of

various

years. The data of previous year is treated asitigiidata. The data of the same season of lateriyea
treated as testing data (see Fig. ). The advambgmving window model is that it

has more training and testing data sets, so that the average of

TABLE II.
INDEX LEVEL AT END OF A YEAR FOR EMPIRICAL DATA

(NUMBER OF TRANSACTION DAYS: 2,519)

Date Stock Index
Dec 31 1996 740.74
Dec 31 1997 970.43
Dec 31 1998 1,229.23
Dec 31 1999 1,469.25
Dec 31 2000 1,320.28
Dec 31 2001 1,148.08
Dec 31 2002 879.82
Dec 31 2003 1,111.92
Dec 31 2004 1,211.92
Dec 31 2005 1,248.29
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Fig. 1. Seasonal moving window model

all data sets can be more representative. Moretherperiods of training data and testing data of
moving window are close, thus the data relativitywiorth referencing. In this study, if the dataain
certain season of a certain year is treated agirtpidata, then the data in the same season of the
following year is used as testing data of the saimelow. The data period is 10 years and 4 windows
are formed each year from the first to the nintlaryeAccordingly, there are 36 seasonal moving
windows.




4.2. Experiment Process and Result

In each window, the best cluster number of eadimieal indicator is derived through Fuzzy c-means,
S0 as to calculate the coincidence rate and determimber of trading days used to calculate teahnic
indicator values. There are 36 seasonal moving evisd As an examplalata of the first window is
shown in Table Ill. Through FCM method, the besstér number for D and J is 4, that for DIF, K and
MTM is 5, and that for others is 6. After applyitlge composition of relations and defuzzication
methods, the coincidence rates are in the range@568 to 0.74. The average is 0.70. Number ofricad
days used to calculate technical indicator valuedatween 4 and 53 days except K, D, J. Take MACD
as an example, its number of trading days usedltulate technical indicator values is 4, thatiken
calculating the MACD value of a day, the stock nedidata of the 4 days before the day should be used
In addition, Stochastic Oscillator (KD) always attapnly one day before to calculate its value.
Therefore, the number of trading days used toutatle technical indicator values is always 1.

The optimal antibody for each moving window is sihoas Table IV. We can see that the bits of
each selected antibody, its corresponding techimchtator name, and its fitness value. The number
after the technical indicator name is the optimamber of trading days to calculate the technique
indicator value, such as RSV_4 of the second window

The final experimental results are shown as in Table V. We can see that the yearly earning rate
of the proposed fuzzy AIA-SVR approach is 15.07% for USA S&P 500 which outperforms buy_and_hold
method by 7.31%. We can find that the number of trading days used to calculate technical indicator

values and optimal combination of input technical indicators should be various.

TABLE IIl.
Technical Indicator DIF MACD RS RSI RSV K D J PSY BIAS MTM WMS AR B
Optimal number of trading 22 4 50 14 22 1 1 1 53 17 44 22 42 4
Ootimal cluster number 5 6 6 6 6 5 4 4 6 6 5 6 6

Coicaid " o0 o0 074 ot 1o 074 oca Oro oco 020 074 074

V. CONCLUSIONS
We propose an approach of artificial immune algonit fuzzy theorem, support vector regression
method, and seasoraf buy-and-hold method. Moreover, as seen we firad the

TABLE IV.

OPTIMAL ANTIBODY FOREACH MOVING WINDOW

Window Antibody Corresponding Technical Indicator Fitness Value
1 00000001000000 J 1.0598
2 00001000000100 RSV_4, WMS_4 1.2428
3 00001000100001 RSV_52, PSY_11, BR_49 0.8512
4 00001000000000 RSV_3 1.3380
5 01000000000100 MACD_49, WMS_4 1.0239
6 10000010000000 DIF_22, D 1.2023
7 01000000000011 MACD_10, AR_17, BR_17 1.1660

8 00101000000000 RS_38, RSV_40 0.8895




9 11010010000000 DIF_51, MACD_13, RSI_23,D 1.0475

10 00000101000000 K, J 1.2034
11 10000000000000 DIF_55 1.1115
12 10000010000000 DIF_31, D 1.2929
13 01000001000000 MACD_14, J 1.1589
14 00000110000000 K, D 1.2020
15 01000000000000 MACD_17 0.7756
16 11000100000000 DIF_15, MACD_16, K 1.1829
17 10000100000000 DIF_30, K 0.7952
18 00000011000000 D, J 1.0205
19 11000010000000 DIF_21, MACD_16, D 0.9501
20 01000000000000 MACD_6 1.0935
21 00000011000000 D, J 0.6522
22 10000000001000 DIF_33, MTM_23 1.1774
23 10000010100000 DIF_10, D, PSY_36 0.9358
24 11000001000000 DIF_20, MACD_49, J 1.1594
25 00000010000000 D 1.0331
26 00000100000000 K 0.8925
27 10000110000000 DIF_19, K, D 1.2178
28 01000100000000 MACD_22, K 1.1943
29 10000000000000 DIF_12 0.8092
30 01000000000000 MACD_21 1.1498
31 00000100000000 K 1.0968
32 01000100000000 MACD_7, K 1.1704
33 10000000000000 DIF_29 1.0942
34 01000010000000 MACD_4, D 1.1051
35 11000010000000 DIF_9, MACD_12, D 0.9111
36 10100000000000 DIF_22, RS_27 0.8745
TABLE V.
THE EMPIRICAL RESULTS
Method Earning Rate
Fuzzy AIA-SVR 15.02%
Buy-and-hold 7.71%

number of trading days used to calculate techmichtator values and optimal combination of input
technical indicators should be an important issaefiscuss.
The future directions of this research can be ksvis:



(1) In order to reveal more trancsaction message®ik market, future studies can employ fuzzgsul
to combine different fuzzied indicators to provitiere messages to decision-making model of the
stock market.

(2) The proposed approach can be revised to expgltrer derivatives, such as individual share or
warrant.

(3) Other artificial intelligent techniques can bsed to study the seasonality of stock market, sisch
artificial neural network, grey theorem, and gemetgorithm.
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