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Abstract

This paper proposes to compare the performance of the prediction models of stock price
direction for financial group and resource group by using 3 popular algorithms in data mining research,
which are Fuzzy System, Adaptive Network-Based Fuzzy Inference System (ANFIS) and Multilayer
Perceptron (MLP). The data set is from the Stock Exchange of Thailand emphasis on financial group and
resource group. Both of these groups are the most traded and are on the first top 10 index securities of
SET50. This histological data is used for teaching and testing for 5 different models generating in each
group. In addlition, the values of prediction accuracy and Mean Square Error (MSE) are used to evaluate
and compare the performance of the models. The results of the study shows that Multilayer Perceptron

model is outperform.

Keywords: Stock Price Direction Prediction, Fuzzy System, Adaptive Network-Based Fuzzy Inference
System (ANFIS), Multilayer Perceptron (MLP)
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MIUTuLssLUUSIa0sRe3E ANFIS LieuiuussAnBaimuuusiaeddidtu dwdite (100 Mnmausuidiey
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HeGuugiulaseineusudila (Adaptive Network-Based Fuzzy Inference System: ANFIS) Laz3glasstngyseam
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2 Uselan Ae Useian Nonadditive Rule Model lalnguwuy Mamdani lagsiunaniseysiuvedng 1aedsnis
dourivainnguang Yo Bnuseiande Additive Rules Model laun sULUU Takagi-Sugeno-Kang : TSK ua
Standard Adaptive Model : SAM Gafimseysnuuuuraanimidnanansq ng werandudeaUanvine [11]

2.2 szuvayanuneduugulaseineuiuaala (Adaptive Network-Based Fuzzy Inference System:
ANFIS)
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Multilayer Perceptron : MLP Julassdneuszamiieniifinngviiidenniign lesanndgmndainy
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MLP azl4oanasouiuy Backward Propagation (BP)
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TuN 15 fquieu 2555 [12] Feusenauluaie 21 audnyueiivay (Features) baud Symbol, data_date,

price_prior, price_open, price_high, price low, price close, price change, price change percent,

Mefiensiauiesiuegdduiunmsnigussnauedeou
374_MSUIEUDNAULUUUTIEY



The 5" NPRU National Academic Conference 2013
Nakhon Pathom Rajabhat University | Nakhon Pathom | Thailand | 18 — 19 July 2013

price_average, price_bid, price offer, volume_share, value_baht, market capital, pe, pbv, dividend yield,
turnover ratio, par uaw listed_shares awrfieyannaaiamanninduisusymalneanunsaudsszianmdnning
gonidu 8 ﬂamau [13]
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57?’11‘1/1141/13@L‘LJ'lJﬂ’]iﬁi’NIiJLﬂﬁﬁ]’]ﬂ‘UaﬂJaﬂﬂJﬂﬁLiHUiLL‘U‘U Supervised - Learning laslunisnaassazldtoya
waNNINg 91nNaugsAaNIsRuLasNaUNSNEINS %uﬂmawumwamwaﬂmwwuuammmmlwmmﬂmswm
Auilsinmanning SET50 lnadenlddoyananningain 10 Susuusnuwindu [14], [15] Tunnqluwna WievhnsTa
inawﬁm‘wLLamammLﬂjaaamﬂmagaiw,mamqu

3.3 nsinseudaya

- nmsdmdendeyandnvindeendu 2 nqu Aengugsnanisdu lawnndnvsng SCB, KBANK, BBL
uay KTB uagngumineins Idudndnming PTT waz PTTEP Tasthdeyandnnindynisanosanmualuusiay
ndnningoonnlnglsifimsduuiodniis

- ynsAnnses Features Alsifianuddlunsusvananadadudeyailudidnus Juil wazidu
ARl $1UIU 4 Features léuA Symbol, data_date, par uag listed_shares

« M3fnNes Features $yABN13AILIAMAT Information Gain Lag Gain Ratio @4 Features nfi
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price_change percent it

« yinsuUas Class Label Tpgld Feature price change Li‘]umm%ﬁlumﬁ@ﬂdm 18 price change
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yhmsassszuumsnaaeulnglideyaiirinuauiums Cleaning Data udeenidu 2 nuudnirdoyaluus
azngu nsasunaznaaeulinaluusayisiieyadeyaidedtuluyng luna ¥n1sAruinmial Prediction
Accuracy Waz Mean Square Error (MSE) wesnn< lanaildlumsviunefianissasiudsiinisaiislaeld
MATLAB dasioluil
3.4.1 a%1aluwa Fuzzy Rule Base System ¥insadnassuuiladsnlusi@vauuy Mamdani uasiuy
TSK st
Tuwmad 1: @195z uuile® wuu Mamdani 35921933 Agerecation WU Max
Tuwnad 2: a3195zuuUile® wuu TSK §9welds Aggrecation wuy Sum
3.4.2 a519luiaa Adaptive Network -Based Fuzzy Inference System (ANFIS) ¥11n15U5ULASSEUY

HRonlugiikuy TSK Ae ANFIS
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Tuea : @319 ANFIS Based TSK Fuzzy
3.4.3 aseluna Multilayer Perceptron (MLP) wuu Feed- Forward Back Propagation %1113

a¥19 Model lngiin1simuaminisaau (Training Function) wuu TRAINLM (Liebenberg Marquardt) n1si3eu3
(Learning Function) wuu LEARNGDMMsinmnuiawain 14 Mean Square Error (MSE) LLauﬁJWﬂﬂ‘Uuﬂ’liﬂWEJI’e)‘lﬂu
‘UuL’eJ’](ﬂ‘W(ﬂ (Output Layer) WU Binary Linear (PURELIN) Weivinsadelana MLP wmmaﬂwmvmmmwﬂu 2
wuusieil

Tuadt 1: fHerdunsaneleulududou (Hidden Layer) Wuu Sigmoid (LOGSIG)

Tunadt 2: fefdunisareleuluiugou (Hidden Layer) wuu 2 Fu Ao wuy Sigmoid (LOGSIG)
UazWuy TAN Sigmoid (TANSIG) ansdau
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HaveIN1sNAaeulagAILINA1 Prediction Accuracy wag Mean Square Error (MSE) veyne luinalu
naugsiansRuLazngunine ns MesaneTBuiiuandsiudnunguay 5 Tuna kanuanssil 1 uagnsed 2
Faazwuimaaina 2 a13198 Tumadilian Prediction Accuracy qﬂﬁqm Ao luiaa Multilayer Perceptron (MLP)
Fauvu 2 $u uay 3 Fu Tneflluea MLP wuv 3 4u sislundugsfanisfunazngunineins aglfriauaain
wisufishnitliaa MLP wuu 2 $u Tukhueadeafu Tuiaa MLP uasTuina ANFIS Tungugsianisiiu Tianena
gndfeslunsvinefimnasafugededoniuedidust luvaziliea MLP Tungunineinslvidianugndeafiousos
Wosifust (99%) dnlanauuu ANFIS Wikauansnsnnngugsiamsduilanailiuafiwefuluna MLP ogslsh
sailanna ANFIS Tungam3nenstsianeugndedlunisviinegnsiininliea MLP ey 18%

A998 1 wan1svadeuvedliaans 5 Ussnnlungugsnanistiu

Algorimths |Prediction Accuracy MSE

Mamdanmi 0.6023 0.3614

TSK 0.7974 02283
ANFIS 1 6.52E-04
MLP 2 Lavers 1 5.23E-06
MLP 3 Lavers 1 3.35E-08

M19199 2: nan1sVedeUTasliaane 5 Ussnvlungunsnens

Algorimths Prediction Accuracy| MSE

Mamdam 0.5117 03216

TSK 0.8213 02167
ANFIS 0.8205 2.13E-01
MLP 2 Layers 0.9992 4.74E-04
MLP 3 Layers 0.9992 9.51E-04
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Immaiumju‘di:l,ml Multilayer Perceptron (MLP) Uy Feed Forward ﬁﬁmiﬁﬂuimu Back Propagation (BP)
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