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Abstract

This study aims to examine and identify factors related to the selection of
securities for investment portfolios, develop portfolio allocation strategies for retail
investors, and compare the performance of models in predicting the movement of
securities using technical indicators and Goosgle Trends data. The study utilizes data
from the Thai stock market as the database and compares the performance of three
models: Logistic Regression, Random Forest, and Extreme Gradient Boosting (XGBoost).
Additionally, the study compares the performance of different portfolio optimization
techniques, including Equity Investment, Sequential Least Squares Programming
algorithm (SLSQP), Risk Parity Optimization (RPO), Genetic Algorithm (GA), Ant Colony
Optimization (ACO), and Particle Swarm Optimization (PSO). The research findings
indicate that the dataset combining technical indicators, Google Trends search queries,
and Moving Average Convergence Divergence (MACD) indicators with adjusted
parameters show the highest ROC curves for all three algorithms. Both Random Forest
and XGBoost algorithms exhibit similar prediction success rates and annual returns.
However, XGBoost performs better during market crises such as the Covid-19 situation,
while Random Forest outperforms XGBoost in normal market conditions on average.
Based on the portfolio allocation simulations conducted in 2021, the researchers
recommend using four main algorithms: Equity Investment and Genetic Algorithm for
low-risk investment strategies, and SLSQP and Ant Colony Optimization for strategies

that are willing to accept higher risk.
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v a1

Uadendana (Feature Selection), Luud1asd (Modeling), n13Usziiiuna (Evaluation) tag

NUITeTAEITEs (Research Methodology)

v

2.1 vaya (Data)

Toyalunuideiilussnndeyaniilaseasi (Structured Data) manefiangudaya
P A o v o o = = a o & o e
nillasanrimuall fednseideuluguuuunsnds asnsasuigdnuaziiuneduiyemisng

19 Tassasedsnanvilianunsainfsdeyaldde wagmsrumdeyaiiseuitevselidudeu
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Y

mﬂql,ﬁamiuﬁ (Google Trends Search Information) tae %agamamwﬁﬂwﬁjwﬁ (Market
Information)

2.1.1. %’a;&aﬁﬁﬁumﬁ]’mgtﬁatmuﬁ (Google Trends Search Information)
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sEAUUTEWA 139 WsuAsEAUTIA Bnedsanansaamsungendnsigiuladnniy nTe
wfusdougaudeslunany q Tikiunfiednneflenmaiulnvesdsiulddnde Tnogiia
wsudtumsulanddmiugldnuiisniufesimendovdoldusslosiannsdumsud Ta
snfutnnisaann Wivesiudesulal wieuluruiidesnissuriuden (Blog) wie 18en
(Vlog) wasioailsisitasazihlefelnuued vieienl fldaumeisiaudumanniiae
TuusiazFunSousiazdis madunisnan (Marketers) 9881899UNUgsAY Ll oWaIUIUNY
gaftluusiaztg Qi msudansnsadhdisiienedfianmaiauulaneeuladléft e
LazsUMSEY Huang et al. (2019) leldiAunmisdumesidn Wossmnanuaulavesiin
Wy wazdwasronadeulmiud S&P 500 wuiinisideuiilufirnising 9 189 S&P 500
ﬂgjum?{sml,mam'mﬂ%‘uwmmsﬁumimaﬁfuagjﬁ’uﬁuawwﬁﬁwé’qﬁum LAYANEIUVYNY
AudAnvesdtiy
2.1.2. Yayanaananning (Stock Market Information)
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a

Analyze) fidenadasiusan lngvludeyaiidudoyamsisazannsoaivanldanmi
INAVBINAIANSNNINE

TunsamAdedliteyavdnnindneudsUsznousesaida (OP) s1mln (CP)
S1PgaEn (MAX) wags1Aman (MIN) wagU3anas (VOL) vesgsnssudidniiiuns Dy
Toyadiliiuanniign uiSinauazdaedin 9 Auansyaailunsvinewuiy msfnwidiu
Tvgldszornavostoyaussana 1,000 fu  Feanusadansidiedmiunmsizoudme
1309905 (Machine Learning)

#rdTan1anaiia (Technical Indicators)

Tneiluuda ddfanamadaagldsunisfnuuarneunuuusugiidioriglunsly
Foyafirmaiertusmuemdnning Welddviuunsul fudezuanadudunazuanse

U

sghadumanidumugludunaiiosuaiirnenisedoulmidululdsaly
faustmanainanmseliifioasungfinssamieunuiTiivetoynsuig uazanen
Tgannisalsianannsngla (Alfonso & Ramirez, 2020: Anghel, 2015; Basak et al., 2019;
Bhargavi. R, 2017; Bustos & Pomares-Quimbaya, 2020; Dash & Dash, 2016; Perry, 2011;
Vaidya, 2018) nsfinwilianslifuimeianigg aunsovnsagunufiasdugasen
vannsnguvufuianldedisls dwihlinisSouiveniesdng (Machine Leamning) Fous

N 5 = 4
NeU MUTNILaRAkansl lunisen 2.1



A5197 2.1 @UN1SAIUITININALA (Technical Indicators)

Technical Indicators Formula
Simple Moving Average (SMA) CerCer*Cea* - Conel (2.1)
Weighted Moving Average (WMA) S i | (2.2)
(n)+(n-1)+...+1

Exponential Moving Average (EMA) aC, +H(1-0)C; H(1-0) Cpy ot (1) ™20y + (1o ™ T EMA
(2.3)

Moving Average Convergence Divergence (MACD) — EMAI2 - EMA26, (2.4)

Relative Strength Index (RSI) oY 1 100 1 (2.5)

1+[ni UP; /nj/[ni DW,; /n]
=0 i=0

Stochastic Oscillator K (K) = (2.6)
Hin-Lin

Stochastic Oscillator D (D) SO Ky 2.7)

n

w8 Ce A9IIAIUA, Ly A951A797, HA831A149 24 1381 t, a fie smoothing factor,
UP, ‘VimEJﬁﬂmiL‘ngEJULLUﬁWENﬁWﬂ’]ﬁQﬂ%u T DW; Aonmswdsuulasvassnifianas
At

frdadmanadedlunuusiaossainnsel Seeluil

1) fnadeindeud (Moving Average: MA) é’aﬂasﬁmuwﬂﬁﬂﬁizquuﬂﬁmLaﬁaiu
Fraafirmualaen1susuliieuuasnsodyanafinuniig q uazanady
\naeudiniAntuannasliseUnwaglutasnaiisivuariads

2) AnRALARRUTILULIIE (Simple Moving Average: SMA) Anadsimnzanly
aanumsairuiunaudndlusynsuna  wedeliininneideyafiang
EULLUULLaw%umaqamawmwé’ﬂw%’wﬂé’ﬁeﬁu (Perry, 2011)

3) ALedenasuiiuuvarsimin (Weighted Moving Average: WMA) Aaded
mnzanluaniunsaififinruiunugdusynsunm  Wetaelkiniinges
ﬁﬁagaﬁmmgmmuLLazU%UwﬁuaqLLu'ﬂﬁﬂuaaﬁﬂéfaﬁu (Perry, 2011)

8) Aad oA eud uuug9u milkuY Exponential (Exponential Moving
Average: EMA) ﬂ"]La?i85%’@&@3’11?131%1ﬁ’mmaﬂﬁﬁagadﬁqm FofuSmevauos
Aan1sasunlaivessimliiinidadeind ouiieg19d1e (Bustos &

Pomares-Quimbaya, 2020; Praekhaow, 2010)



5) Moving Average Convergence Divergence (MACD) MACD indicates il
wnAslumsnaduaRdaedoudt 2 Wundouiu mntuddiessidnuas
voudurnadoindoufivsaondy gafiunauladufiiavass MACD Aeifiu
indicator fiannsalvidveyals 2 yunesmioutudefamauuiliuvessm
NANNING UagliluufANveIsIAINEaNNINg 1ImsgIu MACD Ae EMA 12 au
f38 EMA 26 (Alfonso & Ramirez, 2020; Anghel, 2015; Bustos & Pomares-
Quimbaya, 2020; Dash & Dash, 2016) 1ag EMA 12 uay EMA 26 A9 L&u
AnRAsindoufidnuasduduwuy Exponential Tngldsadndounds 12

[y LY

M 1aE 26 U AINAINY
6) ATlANUANTNUSHUTNMS (The Relative Strength Index, RSI) 1UufiUsTna
a a 1 Sa [ f @ 1 & { = a [ |
walaf eI Funsndud awnsmsegoulol aieuiusialngagn
wananddaldiemruannuuiasiduveinsnduilvesuuilay (Bhargavi.
R, 2017)

a L3

7) seadalalnsalalAgdAn (Stochastic Oscillator) A® Stochastic Oscillator
JushusdmamadawuulsusuildlunisidisuiousiaUalugisai
ANUAAUYIIIAIN 9 soadalamesiinmulieguindenisasuulas
ypes1alunan wimufurusesiiUarausa st ulaing
TagmsiUAguaaniin Stochastic Oscillator filftoedigafe Stochastic
Oscillator K (K) uag Stochastic Oscillator D (D) (Vaidya, 2018) 1&u K 9%
WIouifleusngauayAngegalutaanafitmuniiiedingassan 9

wanssiaUnargaidulasiguduastied @y D Aoduraddouiives K

2.2 msidentasefidina (Feature Selection)
Arduuseansanduwusifiesdu (Pearson Correlation Coefficient, r)
FUUsEANS anduRus Luuesdu 1dunisAnwIAuduusLT wdy (Linear
Relationship) sevinasaus 2 davidedoya 2 g lnsddonnandowiu Ao fuUsiaesdos

<

WU UsmaLiad agﬂummwé’ummﬂ%’u (Interval Scale) YulU waziin1swanwasunfidas

#uUs (Bivariate Normal Distribution) Inga1duuse@ndandunus wuuiiiesdu aziianag

Y

¥

eI - 189 + 100 1nlng £ 1 vinganudn mudsnsaesdianuduiusiuegluseduuin
MdUUsEANTanduNUSTA NN 0 MUNEAUIN frndssapsiimnudunusiulussauios
s luduiusuay 1AT99MNNEUINAY (+) AUAAIRANIIVDIANUFUNUS I TAAN D uLUU

a YR

Tn TneonduUse@nSandunus LI oanu18ulIn (+) NU18AINIAILUSNIE09NANUFUNUS
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TUFmameIiy 1nTeseaungay (-) nueauINwlsieaasdinnudunustdluienig

(%
)=

WREINUTSINTINUIY FUUTEANTaNaUNUSHUULNESAY au15aAUIlaR

L - Oy)
Y Y -0 Yy -y

(2.8)

o v v

= = a £ s Y Y

\ile r, Ao dussAndanduiiusuuuiiiosdussninsiuds x
WAz y

Y x Ao wavuwesdeyaiidnaindiudsi 1 viieduwus x

Yy fe wasimvesdeyafiinaindauyin 2 visedauds y
- Y =

D xy A9 HATRUDINEAMYDIILUTH 1 uag 2

) = o w v o o -
Y x* Ao HavavesiAsaesesleyaiinandiuysi 1
Dy Ae natwesidsaesvesdayaiinaindudsi 2

n fa Furuveteya

2.3 WUUI1aad (Modeling)

AsasruuuTaaslun1sfneins el Usyne U8 uuIa 0901581 uAUTEAN
(Classification Model) @ufunuudiassnisiSouiuvuiifasutiioasrawuudiassiidodisn
wdsildSadinmnedugaisuiilunisiSous Whmnevesmsduunazdutuunaunielsl
sevilos 1 Yes/No, A/B/C sy safulunsusaifiunadnsilaannuuusiaesnissuunas
anunsataaaLtugn (Accuracy) 18 1u Confusion Matrix Tngadrauuusasssluildiite
¥unemsidenudnniwg lunsanwitdennisonneeladann (Logistic Regressions) QUEGH
Unldl (Random Forest) way Extreme Gradient Boosting (XGBoost) mmaﬁﬁamwmﬁam
faanuiiloannn (1) uuusaesisaugnldlasiiluuagdsidumsfnunilifendossiuan
111 (Ananthakumar & Sarkar, 2017; Basak et al,, 2019; Geurts et al., 2006; Ghatasheh,
2014; Preis et al., 2013; Sadorsky, 2021) wag (2) mmsa{]’mmi%yjammlaiamamm’?i
na1ld (Le et al,, 2022; Wang et al., 2022)
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2.3.1  nmsamunyszan (Classification)
nmsnanasladsia (Logistic Regression) gnimlunuudtaesusuinnmsSsuiiuy
fiffaeu (Supervised Learning) a1 uuvudrassfiagihunldviunsaimsirezidudioziia
wasaifiaulennyndosyavesduysdass (Independent Variables) fitvsnzauuaz iy
Sanesiufififlugunsaianainaunisnendamansd wlsnusiavesianysdas s
ansauusla 2 Ussan Ae nsannesladafauuudne (Simple Logistic Regression) 16
wUsBasziesnifes uay nsanneenvuuuladaia (Multiple Logistic Regression) dlfauus
faszvaned lnodnsiunuszgndldednaunsnats ey msvihunelenatigniaziin
nilAelituuTsnesgsiaU ssansuinis meviwslenatigndnardieedodisvagsia
Uszannsdndt wazdnmsidaiuaiunsavesuuuinase lunisuszgndnianisnainlagyin
wuudiaeslumsszynsuUsesdaunain (Market Segmentation) wiatfislanalunisiaue
waaLUey (Campaign) T udauasnainlundazdiulsd (Ananthakumar & Sarkar, 2017;
Robles et al.,, 2008) unsulunsarsuuusinemanuaniasuil 2.1 uasdisazBondeil
1. nsdateyanasEun1sannegsalusiagd (Simple Linear Regression)

Y38 duN13anneEvanefauls (Multiple Linear Regression) lagduagiuma

wUsBassignuunldlulssanuesiunia

2. daunisanaeelaldiiigiendudnuess (Sigmoid) ieusurnnlalviog

u
Tut29 0-1 LHp9INaNNITARNLNAlAR1ATAIUINAIT 1 ¥IaUaENI1 0 16 T4
1 [~ b2 1 [ 1 :ﬁ =3 vl ) 6 @ r-:gil %
nANUIRzTU eAetYEnIne 0-1 Wity Felalinsihilanduilunldanu

3. dloruilsidudnueedarlaanuiazduveannnisaliaula

]
Dependent variable (OV).  Independent variables (IVs)

Simple Multiple / / / \

Linear y = by + b*x Linear y=bgt b + b+ .+ bX,
Regression Regression

1.0

Sigmoid Function /— sw::»o]iu )
_/ " 1ee”

Probability

5UN 2.1 unun nduneunsassiuuinaetanneeladaia (Logistic Regression)
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n1sdutnldi (Random Forest) LHunuudtansiiifiugiunisadienain Tree-Based
Tufeadananduliiindula (Decision Tree) wany q dusiuiu Jadunuudassiidininh
wAlAAUAA1ATBEaTU (Wisdom of the Crowd) unUszgnaldiumsiuenateyalaggn
138091 Ensemble Technique wazdnagluuseiny Bootstrap Aggregation AaN13duf e
foyaseninudwhmsaiawuudaeninness  Fansguliisnsguuuuimd  (Random
with  Replacement)  3whlivuinvesadoyadildlmifvunawingndoyaia  gausiuves
wuusaesi Aelviaugnias (Accuracy) a9 uazAuuUsUsIU (Variance) ton Ssdnnguld
dndulafisssudeudflinatlumsdnadidudounnnnimatowin (Basak et al, 2019;
Sadorsky, 2021) TneiinnsAneilsiiuuusiassiluneinsalnnudosmiadunslasng
\A3AR (Credit Risk Prediction) kaginsi3sudisuduivusiaesdy 4 11nnii 10 wuusiaes
(Ghatasheh, 2014) wutuuudraes duuilsl duliiamnugndies (Accuracy) Al
(Sensitivity) 8z A1 F-Measure q&ﬁ?jﬂ
Funoulunsairauuusreomdnuansdssuil 2.2 wpslisvandeadsil
1. afryatoyalvtsisisnsduivuunuilnotoyaynlutazgnisondn
Bootstrapped Dataset
2. afsuldisndulalagld Bootstrapped Dataset Aildannnnsimuns uiLves
sulfifadulafiazadne wiewiadwnuiuusdassfiazgniinnsanlunisadna
duldismaulausiasdunon
3. uiazaulifndulzasanaans

4. NAANSENYEALNANTANINNITAIALHUUALIVINN

Bootstrapplng

Bootstrapped
Dataset

Probability of Target

gﬂﬁ 2.2 LLmumwmumaumiaiNLmeaaqmiauU'ﬂu (Random Forests)
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Extreme Gradient Boosting (XGBoost) unuudiassitineglulszian Boosting
fon5uh Weak Classifier fiflenuusiughainanyiunesadoya anifuazi1 Weak Classifier
fildanudlumnuaaiaiadeu (Eron) vesiiusniignaiins Inenasauvesnsviuneaiindy
msuunmnanylnsitunlasagyhaluFes q uniglfuuuaesiiafiannaasumes
n15viune G auuusiaesdidunisin Ensemble Technique unUsegndldiguideafiu
LUUF1889 Random Forests Classification Winsguiun1sasIauansieiueg1adaau o
voauuusaesiind Aoanunsanensaifeyaldduteunazuiusunniladisufuuuusiass
fignineglulssianBeuduuuiifasudu 4 aunseviaulddiinisonnes (Regression) way
nsSuunvInAmy (Classification) winsdunuazn1sUszaanatuldinauiesain
wuusraeadunisveusuudsuty §esneann Bootstrap Agsregation fd11150%1147u
wiounule (Geurts et al., 2006)

Funerlunisadhawuudeomdnuansdeguil 2.3 waslisoasBondall

1. Awmusnasingnsaisudulaglivanineinalugwdsmuamiuniandud
wnnImsewindiu 0.5 azgnnennsalinbu Positive Class wagauninaziu
Aifosndn 0.5 usunnda 0 iy Negative Class #30LUIRUERdIUVD
Usgon AfesnsmuUssianiy

2. wA1AaaLAd U (Residual) 19nn1sUUasA19T suBs U THEN 50l lag
fuali¥ Positive Class 191U 1 uaz Negative Class tiu 0 9 ndutidi93s
yosfalsngnsninldautuinasifldanntuneu 1

3. aenulddadulanndaudsdaseimualnedulidaduladuasidunis
nensaidnamadauiidanduneud 2 lneUnfagimunsiuiugagames
Tnunluvesiulddndulony semine 8 A 32 1u §a9zgr8annisiin
Overfitting 191

4. AUINNATINYB Residual vadlrunlunnlu lngAuinaingns

ZResidual

Z(Previous Probability x (1 - Previous Probability)) + A

Residual, =~ =
(2.9)
1y

Residual Ao ArAnuAanLAAeuYsIusaz LAl

Previous Probability  Ae Amiautazsilunsunivesnismuinluusazseu

A 7 Regularization Parameter
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5. snanlaantunoun 1 Inenuindusnsinesesasn1sfiu (Log Odds)
Auannasnnualinssuduauldaudulanlaanduneud 3 Wseiu
lngaglddnsnsens (Learmning Rate) Fadumsfimesiigislunisusudulyd

andulaluly Overfit Audoyauiniiuly dadlr1egsen3e 0-1 wazazle

Weak Classifier 8anun
6. A1UINA1 Residual TudnAsaann Weak Classifier Tudunauy 5 lagun

Joyananualuamin nduihamlavesusdas deyalunuileidu Sigmoid
Faglgaauiiasduveunasdoyariaiun

Munoud 2 Uiy 9 aunsensal Residual ludsullasannifuviensy

1.
muduaulisngulalaninualy
Data Decision Tree
/. "
=0 S )
[ ] -.- -
v -
Decision Tree Model = Threshold + (Learning Ratex B8 [ ] +
r N
L
- -- (Learning Rate x - -- )+
[<=lin ] T = o
v :" (Learning Rate ] < 3 )
{ LI L N
) ‘,‘ e ma
v /
Decision Tree ,:'
© {
-
NN
- W

JUN 2.3 UAAUNUNMYIURDUNITATNLUUTIRDY XGBoost

2.3.2  msilmaeiiga (Optimization)
UIATIANIUAILUU Sharpe (Sharpe Ratio) 1UUNTIANANDULNUVDINANNSTNEN

UINNIMTOMNTBNTIINTIHANDULNUVRIAINSNETUTIAIINAIIEsS dmsutinasyulunis

aimu lddazidunisamulunainndnning (Stock Market) n3emannwmnsaiu (Forex

v

Exchange) aziin1sinUszansnmuesnesanisawulagldinioliovsenudyinsg q 1dusn
AfdnsHanaULURaUuATUTARIALAN

v
Y

Fapudusalunisuivisnesanisaamu dnamue
WEINBLAT WAT198899UlUIEEEE1IENATU NN EILANANDULNY (Return) ag1aifell

WEIND 2R 09dAT 03l U8 InUsEaNSnMUeInasnn15a39u (Chen et al,, 2021;
Gatta et al., 2023; Gunjan & Bhattacharyya, 2022) uAfAeISAuIA1ASTARIUADLUY

Sharpe Bauanaaaunisi (2.10)
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Sharpe Ratio = (2.10)

al

. WU NANBULNUYDINSNNTNEFIN i

Y

v wnudndlunisamulundnninddan i denisamuritualuvanning

VBIUINAIYY
[ dy a a 1 [} dy Ly Ly .
r, Wiy snsmenidefiusAnnAuEss W sasinenideiusing (Risk Free
Rate)
. WY AMLUSUTIUS UV INANDUBNUSENINVANNTNG N i Lazeifl |

lunsthauesinaudauuysvsie anldneidseuiisunasanisamu aasly
WisuiWleussvinawesansasmuisivlevienisasulisuduludfy Tnenosaiilianiuins
Tannusauuursuisly gendn uanedn wesaiuasimansuwnulagendn a nilieaiy

LAY

n1sUTuUTanNF geLUUBUAIAaLE B (Risk Parity Optimization - RPO)
Juigmsdanisasmuifuislifinisnssarsanudssivinisuiuludunsndsng 9 lunase

NAMNU NITAIULUY Risk Parity 18en13dnskusdndiunisamuludunindsng 9 Tunese

'
1 a

logyilifianpnudesisuwiniulunn q aunsng wumswusdadiunuygarituamu lag

Y

b v caa )

Usulidunsndniianuidegelidadiunsamuiesas luvaendunsndnilanudennd

1% '
= =

dndrunmsamugelu SamsnssneeuidsmuuiieSauaunauarainsnana iy
HIuveIHanauLnule (Chaves et al, 2011; Gambeta & Kwon, 2020) nsguIun15UsuUse
audssuuifisumaiuidssiuldiinimisadamansfedunuasUSuuidadiuns
awuludunsng lagnisldnudeyaUsununinuduniusiai (Volatility) wazaiuduius
sEminadunsndang o wWhmneves RPO Aslvifasmuanunsavilvimnudsanszateetiaii
deuulunn 9 Guning nglifosflamifiesdnadituamu Diuisilduogaunivas
lun1sdnnisnesanisasmuluan I tunsRuLageRnInaNISRL MnfAeen1saLiun1s RPO
WfossryranmInazmfinesiasades Wu Yasnaidfylunmsinsgianuiuny

51A1 U3IBNSAUIANAIMLENRUS SEIINsEUNTNEas o el Wesanlunssuiunis
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NARRAIANSNTULDU UNNATID19IEN15AIUIURAENISUSUBANT UG DU 394AISII5N15N4

1%

Ao wasUIBlUTUNSUTIaNNsaTIslunseuIunsUTUUTImantlla
Risk Parity = ) x’c? (2.11)
i=1

lned
W dedaulunmsasulundnninddan i siensawmuiaualunanning
VBIUINAIYUY

Y

o, LU ANUBUSUSIUSINYDINANDULNUSEWNINNANNTNEFN i

Sequential Least Squares Programming (SLSQP) L1Juganea3fun1susulw
winzaudsldifieuidaminisusulinunzauuuidadu Waidadalae Dieter Kraft Tul
1988 SLSOP l#suniseenuuuaniftedamatutiymiiveiediduinguszasduazdodialudn
Fadu Tng SLSQP Ustanadzuidamnisusuliumnzausng Tnouddduveslymdesves
TWsunsuideans Tumsaugiurarade ssutazasrenisussinamaddesvoei i du
Toguszasauazdesidaseu 9 aadagtiu antduuddgmeesifeduninisiusidaly
Sano3TuardUianMITUE1ALN I i AN T UTTIUA U A9s LU TN g9an woe
sLsop ffelfisulunissanistetesadadiuaaiiisuuazaanlalviieudy vivld
mmzﬁm%’uﬂzgmmiﬂ%’ﬂﬁmmsauﬁﬂmﬂwaw (Chen et al,, 2021; Gatta et al., 2023)
Fumenlunisadne SLSQP wazilsivasdundiail

1. fnusriEudud Ui suessanesulEs

2. as19n1sUssurniasas (Quadratic Approximation) ¥aalen TuTng Ussase
(Objective Function) kayteinfinseu  yndagiu

3. L.Lﬁ{]ztwﬂﬂaawaﬂﬂmmmﬁwé’aamLﬁa%’ummu%m%wialﬂ

4. synasunsussauiy madulumunasinisussausu Wien Sagiu WHuiituney
s

5. duwansIugkaznauluntunaun 2

TumeuIsiBeiugnasu (Genetic Algorithm - GA) Liudane3sumatiiulsyansam
wuumnBRaRnTldsuusatumalannnszuumsAnidenlnesssurAuariugnssy @wnsa
T¥dmiumafiuussansnmmesalnaleflemunmsiaassauningivnzaniigalunesnly
alofifiunanouunugsannieanaudsdlitosiian vieussanisuanidsussnineisans
Dunmsnialuvesisnisgld Genetic Algorithm 1t o1t HUSEANS Amwesnn15aInu

v A

(Portfolio Optimization) (Gunjan & Bhattacharyya, 2022) a3
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fmualastulen (Chromosome): Tastulauusasfuansdadsudtagmidululinie
msdnassneialnale Inevlazgnidrstaiiuanisluu? Tnsudasduasidudunmuy
PHFunSndrnegievisol

UszansiFusu (Population): a¥1suszannsisuduvestaslulsuuuuduvdoldnagnsd
AMmualianani vuinueslsznsasnsanImualaanaNdugeure sty
UszLiluaussanin (Evaluate Fitness): ArunuAumnzauvaslasiulenusazialy
UsaIns wag AMumNIzay (Fitness Value) kansdauss@nsn1nuain1sanass
wosalnalomunasifidmualiarmdn Wy anudes nanouwnu Hievanseat
s dmsunsiinuszansaimmwesaingle Franunzaudldiuiilu 1ud ns
finUsgansnananedeninuwlsusiu 8n3dn Sharpe HSonanauwnuAiUuay
AAEES

msfnden (Selection): iientaslulen (Chromosome) 9nUszansdagliuiioains

suiely laevalunszuiumsdndenazdiuegnuainnumaizay lngyanaiidsusie

9 U

= 1

~ Yo o« e A P ™) P P o < a
andnazillomalasuidengenit FBnnsidenaly laud n1siieniadesian nsiiennis
LUITU MIDNSHABNANUDUN U
AR U519 UENTIU (Genetic Operators):

'3 ° & 'y ' ' a
n. AsRdlaLas (Crossover): ¥N15ASadlarashsasIunulnlsznIngtasiuleun
W@eniiieas19gnuraty Asealanesineatesnunisuanildeudayanis

a

Hugnssusenindasiulauudassdnieasralegtulud amisaldinaie

a

nsAsealalIesiuune 9 Wy Asedlonaivilgn Asedleniataniyn visyll
Wosunsedlonies
9. MInateiug (Mutation): kusiinisidsunlasiuudunienisnateiugly
laslulgugnvauliiesnwinuvaInvatgiazdsafiui lvaivesiuinig
wndgym nsnaneiugyiiedesiulilyidanesiiafeeglu optima luiases n1s
o & dl ) a A a o
naneugetagesiunsnanvserdsuduanglulasiuley
d‘ A = a Y A a
Nsunuyl (Replacement): Msunundiuntlvesuseyinsidogaiggnyaiuiiiingin
AIRNLUNITNINUINTTN NagnsnIsiueaduegiuanulaiieu (N153nw1ds
WAJeym9IaNan) NINARLIUSBTY YTeVIARIRE NI
MNP ITUADUN 3 D9 6: NFITURBUAIUTIVIUT U ANUANTDIUNINERANUI NS
a o a = o L 1 U 1 U
gnidn danasfiudsnsimuiuseynssioly Ingusazsuasusulsaussanimlangsiy

YUTLVINT
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8. n133udn (Termination): neadanaifiuderruinasinisgd Wy esiuaugugean
UsTgIER UM aLTFoINs vieidedaneifiuramdsei
Frensldisndunismeiugnssuuaznalnnindentn 9 Genetic Algorithm 1
dmaiiufivedlagdunazuugihmafiulszans i efumnsinassneselnalefiddanss
paingUszasaiimualy wasdsdfgAedeamsuinnin Genetic Algorithm Tultiany
dmunisii uuszdns amnesalndloonaunndefuluaiudefnunvest yniuas

Taguszasdvesnsiiulseaniam aunsaldileiduanumangauiuansieiu 35n1siden

watlanisasealonies waznugin1syR WeuTuudidanesiulinseiuaiudeinisianie

91a19n5un  (Ant Colony Optimization, ACO) 33n15i10uisn1sishaesians
vhauvesunulumsiiuanisiugunasenms Unfudileuniunsnazasenauillsluy
flisemadietnddunnusaiald :nnmseseaiiofinunisiiiunicuewnsaen1sadng
arnuiidl 2 mawen Tnensveaadlugausnagldasmuiifiauevindulitasuenlunig
Tafinna Wefluaindnarnuagniusnnimems aenuimng 1 duuuasnulzdanududu
vosilsluugsnddnilevils duwirtuidunsisgelbiuanuiada 9 lWihusiuagnufudii
ﬂmuvﬁuﬁmmmﬂmuqamnﬂdﬁﬂﬁja (Gunjan & Bhattacharyya, 2022) Ssuuniienageu
mMsdnLdennaYsznouMsYeIndnninduarindudundnnindfuiamu wazudnnindy
wingadlun1sawu MmsmwAlukuuIaeiIandnsun Mefanduingusvad 1nsin
musnuus sUsly iinflsgeanliiunesannsamuainraneuuny

Fumounaludiduninsauitaluzesisnasld Ant Colony Optimization il evity
Uszansnimnasallale (Portfolio Optimization):

1. syl (Define The Problem): AwuaflsifuIngUszasd (Objective Function)
wartasfin (Constraints) dmsudamnisifinuszansnmwesaluale Fendnefu
FanessunsUulimgandug fadduinguszsasduansisnsinaussaguidesuene
videdeliangn LU nanouuMUiUSUnunLEsTesnI @ Sharpe Tadrinea
sufstedrdafsasuiminduning anudewesniagsio viededrtaans
wasnlnialedu 1

2. L%Méfug\!ﬂllﬂ (Ant Colony): a@$senandauuaisusiu lnefiuausiasfuansdanisinass
wosminale M Iululy uausdazminnumindauiidenliuasiminiisenndosiu lu

TUAUNALAZAI019INTIRATTUUUFUVTOWUULAEINY
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3. fuailsluwaming (Pheromone Matrix): @319un3 ndflsluuilnansdsnaud
Aegalaviseruussaunlunisidendunsndiangdmsunesalnale wnsndnlsluy
msualunszuiunsanaula

4. nsimdulavesun (Ant Decision-Making): uausazfiavidonduninden q dms
wasnlnalomungnisindulaiiunesdu ngnisiadulaasiansansauiifgala
yoBunsnemumangillsluy enesuisussanianlusfnviodnuasanudeswes
dunsne

5. Uszdflupunzay (Evaluate Fitness): ndsanniiunusasiasnenisdnassnesaln

L2 L2

dlauan WussdiunnuwmuizanvamesaludlolnsnsAuiuailanduing Ussas
Hniuauandliinsdnassnesalndlovhouldaufiesdanuinguszasanismuali
6. dUALUNINGNLsIuL (Update Pheromone Matrix): #a991nUsgLiuAMUANE

Yaaunavuan iduwawmrsngillsluuioazyioutianuninuaan1sinassnesalna

sal o v =

lo unnasrunesalndlensinitazydesilsluulussdunganinludunindnineides &
aa a 1 U Aa U !
idvswanen1sinaulavetuadase 9 U
7. g Tusoun 4 49 6: g1 unaun1siadulavesun n1susziiuneialidle way
[ a 6y o ,6’ 1 :’/ 1 U ) £ L4
nssuianLunsnglsluw Msihgusiazasaieliuaansadsanagldusslovdann
YRAENTREUNINGSNg q Tngeey 9 nanudiiumsinasnesalndlonavu
8. n13dugn (Termination): napdanasfimleidulumunaminisduan 1y n159ug1as
UIUGIGAYITONITUITYTLAUANUMUIZANNADINIT
Tu ACO wwsngilsluudunundrdglunistinssuaunsindulavesun nalnnis
naUsU@IUINYBINTE Ll SluuTsTRuaT It U e dnassne s lnalanATu dsd1Agyfe
Aoddaunna1n19lE ACO lanzdmiunisiiudszansnmnesalialoonauanateiuluaim
Tafmunvaslmuaringussasavasmaiindsednsain nsesnwuuillsluwuming ng
nsandulafiunazdu Alsluwuning (Pheromone Matrix) hagn151iinosdu 9 @m1sa

Usuusslimngiudgmnmsiiuuszansamnesslndlomnizla

WmArmazaufigauuunguaunia (Particle Swarm Optimization - PSO) 1l
ganassunsUTulimmzganwuumdtainnlasuussdunalannnginssuvesliunvsoss
Uan uenanddearunsairlulddunisiiuysz@nsainnesalndloenuninisdnass
Aunsndnumnzaunaniioiaunanouwnuadavseanaudes (Chen et al., 2021; Gunjan
& Bhattacharyya, 2022)
¥ . & o aa ') . L . = =
TJunousoluiliduninsiniluaesifnisld Particle Swarm Optimization LW 8LW

Uszdnsnmweialwale (Portfolio Optimization):
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1. dmuadgm: fuuaniiingUszasduasdedfndmnsudamansiiudseansam
wosnlnale Hlaiduinguszasd (Objective Function) uansfisnisinaussaguiides
vgrendodelildngn 1wy nanouunui Usunuaud sanIesnindau Sharpe
Fosrfnenarudstosfnisafuiminduning anuidssweiningsia uietesin
nznesalnaledu 1

2. Initialize the Swarm: a¥195 i3 uduveseynn Inefiudazeynauansian1sinass
nainlnalofiiulul udazeynafidnvasamenuiuisazeuluiud Tng
fuvisaseymegonadesiutmindunindlunesalnale

3. Ussilluaumanzay (Evaluate Fitness): NUsEuAINMNNEAUTDIUARTOUNTA
Tnensiuwnaflaiduingussasdnusiiumi nsUszdiupnumanzauianslimiu
Imsdnassnesnlnalevhanldfidisslamuinguszasiiidmualy

4. UmnnuL519930UnA (Particle Velocity) Laga1unuave30una (Particle
Position): 138 ULtARAIULSALATHILNUIVBILAAZEYAIARIUAILNU AT AIAT Y

'
a

Al 3 ° I aAa aa
Wsaunangs (best-known positions (pbest)) LAZAMNUINUAIAIUNNZAUNA

|

LY

Nanvowavianua (slobal best-known position (gbest)) MITIMAUANITLAT BT
votounAtuuinTuAUym Tuvaedumianstisndmindunsndlunesalnale
5. MgTuaaudl 3 wag 4: gnTunoun1suIsdiumnuminzatazsUinndiunuas
AINULFIVBIBYNA NSV ILARZASITAYIMNIBNDUTUU AU ZELTBI9 AR
waziingleluduumeui lunay
- Y " ) ax A ¢ Y | Y e
6. n15dugn (Termination): nendanasiudiodulumunaeinisdugn 1w n135Iugis
UIUGIFAYIBNITUTITLAUANUMUZANTAADINTT

L2 a ¥ L 1

AP AR IFIANIINITITU PSO awizdnsunsiinyszansnimwesnlnale
p1awansinsiulunutaimunveslymnaringusvasavasnisiiudseansnin deaiduany
WLNTEL IIUIUDUAIA FUNITTMANEIMTUANIT AT AU kEzINTRMBTU o 813150

Usuusslimngiudgmnmsiiuuszansamnesslndlomnizla

2.3 n1sUseiiuna (Evaluation)
a [ Al = o w [ a a a v dy al A A
nsUszliunalluniesdodAglunmsinusz@nsuavoinisidell insesdenldlunis
Usziliunadesaenndesiunisiananisufufaulunisdnw ladsil
Receiver Operating Characteristic curves (ROC curves)
ROC curves TiloUseifiuuse@ns nnuea9anassun1s3uunuseanluun’ wana

UsgAnSnnuesnsduunyseian (Classification) wnufiagiduaifgunilouunsndu q dmw
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Img' (Ananthakumar & Sarkar, 2017; Basak et al., 2019; Bustos & Pomares-Quimbaya,

[
aAad U

2020; Geurts et al., 2006; Huang et al., 2019) fauUsny (Y) lunsaliAadiuusidnunn
Fauvaliiu 2 nsdl Ao v = 1 Wewmmmsalifhhaulavdenanmeaeuduuan wag Y = 0 il
wansaignaziiu viesansvaaeuliudeau 9adn (cut-off point) Aegadldduunmgnisal
sondumgmsaiiinadauagliiauls maieuifisussriamensaiaznisdanaulls
Hu 4 nsdl Fanseil 2.2

A151991 2.2 AT NLERINANISYINUNY (Confusion Matrix)

Actually Positive (1) Actually Negative (0)

Predicted Positive (1) True Positive (TP) False Positive (FP)

Predicted Negative (0) False Negative (FN) True Negative (TN)

TP, TN, FP ag FN Tumns19uangmga1ninud:

(%
=

e = d o A ¢ v a aa a o
® True Positive (TP) ABNITNDUAUBILUBFIVIANANITUATINUAINENAYUITY Tunsala

¥ i
= £

YUIEN “9597 FNNRVUTY “39”
® False Positive (TN) Aatiianisaaasiunsaduadsiiindy Tunsainevituny “luase”
daninduiu “liasy”

® False Positive (FP) Aan15ANAASLUN LRSI URINNATY AA1IAD N15ANAALLUTTY

[ [
= v

“9397 waaennaduny “luasy”
A A Al 1 v a aa ‘3 a U 1
® False Negative (FN) Aanisainaztuiilinssnudsiinnduase duAanIsAInAzLuIn
U19@9 “13i959” wraaiinTuly “a3s”
True Positive Rate (TPR) ADN1STAA 97 A1ANTIS LAEASINUF 99 LA AT UDTIAY

wmRnsaia3ariavain (True positive (TP) + False Negative (FN)) fauansluaunisd 2.12

TPR=

(2.12)
TP+FN

False Positive Rate (FPR) 10 usiadinvasd sviaranisallunssnudaiiind udy
WnN15alidwananun (True Negative (TN) + False Positive (FP)) aduwansluaunisd
2.13

FPR=

(2.13)
TN+FP
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Precision ADALRAYANUINUNUDIAIUINWALANAUVDIAMULLUGT TuuneN Recall

ADARAYAINUNMUNYDIANUINASISUNAY AILARIlUENNTT 2.14 — 2.17

TP
Precision five (214)
positive TP+FP
™
Precisionne ative =— (2 1 5)
g TN+FN
TP
Recall .. = (2.16)
posiuve TP+FN
TN
Recall oo —— (2.17)
g TN+EP
AL (Accuracy) uag Fl-score fanansluannis 2.18 — 2.19
TP+TN
Accuracy= ———— (2 1 8)
TP+FP+TN+FN
Precision*Recall
Fl-score =2*L (219)

Precision+Recall

ROC curves g ANEBASENI9 TPR (Sensitivity) wag FPR (1-Spedificity) @145 uan
yoanidululavienun wnu y unu TPR Tugasfinny x uni FPR A19nRaLAaZAT 248N
nan1sneInsaleaniluaangu: wun13ain P(Y = 1) 1INNImEaAULnan wagkngn15aii

A 1

P(Y = 1) Weoeni1 gadnu1anu laedl PY = 1) Aearutaziluiimenisalfiunaulaviona

%

<, L Ay v v A U Ay v v a oA A
NsnAgauLluuIn WUV]IC‘]LﬁUIﬂQ ROC ﬂaﬂ%umlsﬁﬁguﬂjﬂmgﬂ@@ﬂﬂﬁ@ﬂ?qlluqlfﬁ@ﬂa"Ua\'i

¥ '
= =

LUUT1a89 AU wuudIaesndnuiuinianls ROC curves Fedunuuinassiiuiiugig
(Elizabeth et al., 1988)

2.4 ATeTiigates (Research Methodology)

Teixeira et al (2010) I#3donsidonndnvindSnlud@ Inedeyalunisitedfarsan
MnUszifvesnadavendandudmeuarUsuinsnsteneveinaiandnnsnduda
(Bovespa) Tut1s 4 unsian 1998 f9 3 fusneu 2009 Tneeidad Yaniamada (Technical
indicators) sremabui lun1sasranuusians Aad siad eufiuuudie (Simple Moving
Average: SMA) Afin LT s9dusims (Relative Strength Index: RSI) poadaialnesalaua
@fn 1A (Stochastic Oscillator K: K) spa@alawnasalaiagfn @ (Stochastic Oscillator D: D)
waz Tuduleesuuua (Bollinger Bands) 1nlU@319UuUIN@09NISNEINTAUTIANMANNS NI A8
%umau’i'%miﬁumLﬁauﬁﬂuiﬂé’qm k @2 (K-Nearest Neighbor Algorithm: KNN) Na338nwuan

ax & o saa ] ° ° o o v & v Aa
']ﬁﬂ'ﬁua'ﬁJ'ﬁﬂUﬁﬁqmﬁaWﬁmG]ELULNSUE]\?Naﬂ']VL'ﬁa'TM'iUVﬁﬂmiWEJ 12 9720 15 C‘]']V]W"ﬂqimfliu
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msnaaes lagldnsusudisunadnsiunarlsiierldsumenagms Buy-and-hold feifuis
Fohmsluummsilunmseanmsaluunltdundnnindsozdy duannsadululy

Li et al (2014) ¥3Toransenureikazensuaiienismdsulmuesiuindnning
3 (CsI 100) Tnedoyalunsidedie Hutn (Web News) uazudion (Blog) wia niza1u
AUNUINIINITHY (Financial Discussion Board) Tuga9 1 unsiau 89 31 swinan 2011 way
A5 19UUUTIADINITNEINTAUUA NI NI A2 N1TaANDETNNDTALINABS (Support Vector
Regression) Na39871 (1) %’agaﬁyugmsumwmm U Y1aNNEYRIUTENALN T LY
Arduesiinau wazdsnansenuseRanssunIstersvesinamu (2) avuidnansisae
iliAnANLRuN Ut sHalvestinamuLasluusnuaslun1sindulavesmintnamu
LAz (3) NansznuvesdereusTnuanss T lumudnvarve s tuazdemueunaau

Dash et al (2016) 1#358n138 av1end innduuulausafi saudad Tan1amada
(Technical Indicators) 14U maTianisiSeudvaaiaias (Machine Learning) Tneteyalunis
Feiine 91 UaneTunarUSunsnistovievossed S&P 500 way BSE SENSEX lutaq 4
un51AN 2010 9 31 §u31mw 2014 FadSavramaidia (Technical Indicators) Avuldlunis
a39tadei i olul A1edsndeuiiuuudie (Simple Moving Average: SMA) A1Laae
\AAeuiivuunsunesiaudlanesiaud (Moving Average Convergence Divergence: MACD)
poadalalnaTalalAdf n LA (Stochastic Oscillator K: K) oadadatalnesalaunadn o
(Stochastic Oscillator D: D) faiaa1uudalssdunms (Relative Strength Index: RSI) uay
poddalatmosalalaaAn 01 (Stochastic Oscillator R: R or Larry Williams R%) waga$19
LUUTIBBINITNENINTURANNTNEA2e TassdeUszarmiiey (Artificial Neural Network:
ANN) FWnosaLNLABLNNTU (Support Vector Machine: SVM) Luud71a99u8 8819418
(Naive Bayesian) Gﬂgumu‘i%miﬁumLﬁauﬁﬂﬂﬂé’qm k #2 (K-Nearest Neighbor Algorithm:
KNN) wag wuusiaesiulidndula (Decision Tree: DT) oS udisuuseansnn Jaua
Usngiasstnetszamifenlfidesiduduanouumuiifniuuudiaesdu « wie 34.42 %
YaRvll BSE SENSEX wag 45.58% uaivil S&P 500

Mitra Thakur et al (2018) la3dunisidenuanninglunisdanesnaimnu lngwus
sandu 2 dwmeiuu Ao nsdenudnning way nisdanmsdadiulunisamu Tnenisiden
nanninglingunangiu Dempster wag Shafer (Dempster-Shafer Evidence Theory)
Tnefinnsananifads 10 Jadesoldil flssendnnind (Eam Per Share ; EPS) $m3naau
71401543 U (Price to Earning Ratio ; P/E) 99310159 1813uUuna (Payout Ratio ; PR)
Sasneau siAretenue (Price to Sales Ratio ; P/S) smsidiumilausyerena (Long Term
Debt to Equity Ratio ; LTDER) siavanniwdsiayamnietay¥ (Price to Book Value ; P/B)

[

gns1d@URUn UMY UIEY (Current Ratio ; CR) §951d3U51ANMONTERARUAARBANNTNE
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(Price to Cash Flow Ratio ; P/CF) 8n517bs (Profit Margin ; PM) Waig 803INSAsuisunad
qn¥iil (Accounts Receivable Turnover ; ART) wazludruvesnisdnnisdadaulunisasu
T¥Tuneuiseraniauun (Ant Colony Optimization; ACO) dusunisiuusyansaine
fndnlumsiamosnamu Fafumuideiiaueidenndnning wasmdndulunmsianos
awu el duadosiielumsstndulafitudmiunisamu

Atkins et al (2018) la378n13A1AN13RlALRUNILEEIIANTAVBIRAIANANNTNE
Tnedeyalunuitedannsousneenidu 2 dau fio 91 (News data) 9ndintnisesines
ansgoinivinneuiugieu 2011 A9 inuiug1eu 2012 lagdnn1siayanienuudnasd
Latent Dirichlet Allocation kag U8yan19N158u (Financial data) lagldveyasieiunain
vanningansgoiusniaing1udoya Yahoo Finance semanedufl 9 Auenou 2011 fis Juil 7
flugneu 2012 waglumsidenidadudmsunimmeneinsmelaauas (Chi-squared) uazad
LUUTI8BINTINEINTAUAIURURIULAETIATUATBINAIAVANNINEAIEUULT AR UdDE 19418
(simple Naive Bayes) Gsnausingin Toyainidsuasomanisainudusiuiuingdinig
mansalsmTavesraandnning fdunuitedanusananisalaudumaurenane
vannind LieUsznounisimdulalunisamu

Huang et al (2019) ld3den1smanisainasiedsulnives S&P 500 index Tngld
Google Trend Search TngfoyalusAdedannsausnasnidu 2 dau Ao s1umunsdumily
Google Trend lagfidAum 98 A1 way Teya n1sindeulvives S&P 500 index lagdn
uSTedlaudadu 2daulng q fe Asdendadenidwa dasuuuTians Vector
Autoregressive (VAR) kag Mallows C, Wag N15Ld8nkuud1a03lunisnInnisainnsg
A BUlMITDY S&P 500 index Aa8uUUTIa0ITNNDS A NAET WLIVTW (Support Vector
Machine : SVM) n1sannee3nd (Ridee Regression) waald (Lasso) hagnisannsydanaha
.1, (Elastic Net Regression) WiaiUssurfisuUszansan tnsuuusiaesdiduszansning
fignAensanneendumsideniladefidimaiie VAR fauusiugt 63.75%

Alberto et al (2020) 1#3d8n15a1an1sainsiadoulmvesivil NASDAQ #en1s
Soufvenaios (Machine Learning) it inmamadiaognsanadeindouiivuuaounes
uglanesiaud (Moving Average Convergence Divergence: MACD) Imasﬁayjahmﬁ%’aﬁ
Ae MUaseTukarUTuaenyil NASDAQ lutae 9 unsiaw 2014 fia 31 Sua1Aw 2019
Tngldfimamemimesivnzanvesaindindeuiinuuasunesiaudlanesiaudain
ﬁﬁgumaﬁ%l,%qﬁuqﬂiiu (Genetic Algorithms: GA) %ﬂmaﬂﬁﬂﬂgdwmmsammﬁmmzauﬁqﬂ
vosmsfiinesvosiad Tamunadea ‘?JéflﬁlﬁNﬁi‘ﬁlﬁ%UNEW]’EJULLVlufmﬂﬂ’]ianuﬁQQGﬁluﬂhu

TUNBUITNINUGNTTY UazUseanTnmAndn Buy-and-hold Usesnad 4%
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Bustos et al (2020) laAnw1AUAIINTZUIUNIT N1TAIANITAITOINAIAREANTNE A2
N15NSISEUIAI8LATEIINT (Machine Learning) N3t58usl84an (Deep Leaming) N15¥
willostaam (Text Mining) uag3sn15531ndsl (Ensemble Techniques) Tumsiiseudeyai

v a

1lA598319 (Structured Data) wagdayai lidlaseasne (Unstructured Data) lnetayafid

Y

v
A v

Iassasraiulsenoulunie Tayav1ia15meni1snain (Market Information) A¥Ha IANS
wiadlA (Technical Indicators) wazAwiiiAsugAa (Economic Indicators) wazdaya bl

Y

Tassadraiudszneuluaas 911 (News) tadetnedeny (Social Network) uazudon (Blogs)
Fofunsinuduaiidanavildmsiuinssuauns msmamisalniseaevlmvomann
vanningludnsuuuunileiimsiSeuiseriesins msisoudidedn mavimilestery
nazIsmssunguihuUssgndld Wielildsuuuunisamulunainvdnningidenausiug,
wndu annsndaelfinamuiieiesdielunisdndulafindy

Gunjan & Bhattacharyya (2022) la@nwfuaiinszuiunisiiduszansnmmesaln
ale natfindszansnmmesalwaledaosiurganuazmnlunisidonnesnnisamuly
anun1sainannd funiu lnen1sseuiieussuuuaanadn: Genetic Algorithm (GA),
Particle swarm optimization (PSO), Combinatorial Optimization Problems (COPs), Ant
colony optimization (ACO) wagwuun1siislszansamideaeusy (Quantum computing
Q0 Tasmafindszansnmidareusy dulinafidoynianisinassnesnnisasmui
NgaTign

lagannsnTsuiisudnuusdoya wuuinaes nannswe/Avl uazylial 19

NUITET99ULAN B151971 2.3
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iy Toya RRTERGLY nannIne/ 9087 91984
)

2010 | Technical Indicator: KNN Bovespa 04/01/1998- | (Teixeira & de
SMA, RSI, K, D and BB 03/09/2009 | Oliveira, 2010)

2014 | Web News and Support CSI100 01/01/2011- | (Li et al,,
Financial Discussion Board | Vector 31/11/2011 | 2014)

Regression
(SVR)

2016 | Technical Indicator: ANN, NB, SVM, | BSE SENSEX, | 01/01/2010- | (Dash & Dash,
SMA, MACD, K, D, RSl and R | KNN and DT S&P500 01/12/2014 | 2016)

2018 | Web News: Financial, Naive Bayes Dow Jones 09/09/2011- | (Atkins et al.,
General and Company 07/09/2012 | 2018)
Financial: Market,

Technical Indicator and
Economic
2018 | Financial: Market Dempster— Bombay 01/01/1998- | (Mitra Thakur
Shafer Stock 31/12/2009 | et al,, 2018)
Evidence Exchange
Theory (BSE)
2019 | Google Trends SVM, Ridge S&P 500 01/01/2004- | (Huang et al,,
Regression, 31/12/2017 | 2019)
LASSO and
Elastic Net
2020 | Technical Indicator: MACD | Genetic NASDAQ 01/01/2008- | (Antonio
Algorithms 31/12/2019 | Agudelo
(GA) Aguirre et al,,

2020)




An519% 2.3 (di9)
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iy Toya RRTERGLY nannIne/ 9087 91984
)
2022 | Financial: Market Genetic Hang Sang 07/09/2016 | (Gunjan &
Algorithm DAX 100 27/04/2017 | Bhattacharyya,
(GA), Particle FTSE 100 2022)
swarm S &P 100
optimization | Nikkei

(PSO),
Combinatorial
Optimization
Problems
(COPs), Ant
colony
optimization
(ACO)
Quantum
computing

Q0O
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uni 3

ASN15ALHUIUIBNISLADNRANNSNE

unllagnanieisnsaiunuideluasell FallinguszasAiiadonuannsngaa uwag

nsIanesndnnsneNmLnzan Inellomluunilusznaunigindenan o Ao WNUAITURDY

n15AEUaY (Process Diagram) ¥eya (Dataset) msm%‘au%’aga (Data Preprocessing)

wuUaed (Modelling) waznadnsuazn15eAUs18 (Results and Discussion)

o
3.1 WNURITUABUNTTANLEUIIU (Process Diagram)

wud st unauntssduuaruUseonidy 2 du e unudedunaunisandusuy
wasia3asiionselusinsudlalunisiniiveny

3.1.1 Yunaunsafivey

m’iﬁf}Lﬁmmﬁf{’f&ﬂuﬂ%ﬂ‘ﬁiﬁﬁmzmumﬂumsﬁwm‘i%’wmamzmummamﬂug‘d
7 3.1 Tnefluneulunisdudusmu delul

1. SZJJE);‘JJa (Dataset)

2. msnsendeya (Data Preprocessing)

3. WUUd1ae9 (Modelling)

4. nadwskazn1senvste (Results and Discussion)

Dataset Data Preprocessing Modelling Results and Discussion

Technical Indicators

MACD Indicators
Optimization (MACD+)
Indicators-Keyword- Model Training
MACD+ Mapping
Keyword Selection }7

Stock Market Data

Results and Discussion

Google Trends
(Internet Search)

.___________f______________

5UM 3.1 uruatunaun1saiiuaiu (Process Diagram)
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3.1.2 i3psfievselusunsuiildluntsanfiuenu
Fremssndumilunmsdanistoyatudosdiedosdiouasivsunslunsdanislaenis
iselildiedostlo warlusunsudieluil
1. \3osneufines
2. woNAWIs (Software)
2.1 Microsoft Excel 365
2.2 Microsoft Word 365
2.3 Browser Google Chrome

2.4 Jupyter Notebook

v

3.2 ¥9ya (Dataset)

1% = = S 1% P % =~ o [

teyanttlunisAnuiidudssnndoyaniilaseasie (Structured Data) Feinaglu
sUsuumTInSaunesuuimuald suwuuildiglidntadeyaldiewasaumladienialy
Fudeu uslidaahauiin Tluenddednusndeyainasunas: navanning (Stock
Market) wagn1sAumed@AeLaniy (Specific Keyword Searches)

3.2.1 Yoyanaiananning (Stock Market Data)

o a

dvsudenanaiavannsng Jeyatiluteyaaisisasiauisanniulnanlaain

Huladuainalnuanning Felsenausie
a £ A [ [y v = al a Y o X
® 51a1Un (Opening Price) 1usiALsnvasnannsngannziloudiomuauiugeviy

® Ange (High) LAz (Low) Wanddlesimgeaaiasangavaananningluiudy q

Ta897ll IIAeasLldan R AT RN AN AUAAITLNUNIUVDINANNTNE

® 597190 (Closing Price) Aovimuasmannng o autuimsdete
® Sﬁﬂﬂﬂﬂﬁlﬂéjuﬂiqﬂ (Adjusted Close Price) wdafadusieasswemdnndng du
ilesanasvieudisyarvamdnningndsnatefuliusaud
ﬁmwﬁﬂw%’wa‘lﬁ%’uﬁwﬁwamﬂwm&Jf]ﬁaLLazﬁﬂgﬂﬁmimdﬂLﬂwﬁﬂuﬁaﬂﬁh
nsnvngRnssuvesmatn femaid Msldnamdnningdiiednumudmanainise
Wsszansamlunsvhanudilengiinssuvesnann deyananavdnninduisussmalne
(SET100) 535309 ndUA1%397n Yahoo Finance A39g195 A uasUSunamvannsnddaumnds
efuiiTIuTimann SET100 wandlunsnedt 3.1 dwdundnnind “uidm duudievie aed

Yaistu 19 @vrw)” (WHA)
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M990 3.1 fregloyananvsngves UTEn Auudvete AesUslstu 9in Waw)
(WHA).

Date High Low Open Close Volume AdjClose Symbol
1/4/2017 3 2.96 2.96 298 25413400 2.378223 WHA
1/5/2017 3.04 2.98 3 3.02 82795000 2.410144 WHA
1/6/2017 3.04 3 3.02 3.02 48678800 2.410144 WHA

1/9/2017 3.1 3.02 3.02 3.08 1.52E+08 2.458028 WHA
1/10/2017 3.12 3.04 3.1 3.04 90063300 2.426106 WHA
1/11/2017 3.1 3.06 3.08 3.06 74300900 2.442067 WHA
1/12/2017 3.2 3.1 3.1 3.16 3.55E+08 2.521873 WHA
1/16/2017 3.26 3.18 3.26 3.24 - 90585100  2.585719 WHA
1/17/2017 3.26 3.18 3.24 3.2 83648500 2.553796 WHA
1/18/2017 3.24 3.18 3.22 3.2 53264600 2553796 WHA

3.2.2 Keywords (Internet Search)

o/ e &

F17 "Keywords" lusmiddet mneds drdwifidnasmuldlunisdadedearslunia
MsaauAUndnngme sands Adwingldsumesidaldlunisrumdeyandnning
nsAnwEUszneumerdday 48a ¢ Audanuandn1unniIve (Preis et al., 2013) wae
W1a 90 93 ALY W Finnomena, SET, Krungsri, Encyclopedia website g stock2morrow
uaﬂmﬂﬁé’qmmimﬁ"]LLuﬂL‘ﬁwmwyﬂé’éﬁﬁ msaeusuiugIu (Basic Investment Terms),
NauAA1MNTIU (Industry Groups), Foudnning (Stock Names), 357159 0918 (Trading
Methods), N15Aumii2lan (Global Search), Araenfien (Popular Words), 1121 (Idiom)

wazAAunel (Yearly Search Term) MasgnsuazA1dninaInvesatd1AeLansl i luni91g
3.2

A1997 3.2 MgeAdAy (Keywords)

Keywords
Type Keyword Definition
Basic Investment gnsdusnwienils (P/E): snsdudmiunisuseidiuyad
Term v Uiitinsmmdnnindagtudieuiuilsdendnming (EPS)
Basic Investment /By dndwuTAseyaAnuTYT (P/BV): MIUseiiuyadinain

Term Yol uiuyarn sy
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Keywords

Type

Keyword

Definition

Basic Investment

Term

Industry Group
Industry Group
Industry Group
Stock Name
Stock Name
Stock Name

Trading Method

Trading Method

Trading Method

Global Search
Global Search

Global Search

Popular Word

Popular Word

Popular Word

Idiom

Idiom

Idiom

EPS

Agribusiness

Food & Beverage

Insurance
ADVANC
BBL
CPN

Technical

Day Trade

Swing Trade

Economics
Politics
Conflict
ARN
(Kong)
Jau
(Pop)
W
(Rang)
ale
(Lamyai)

¥

YAy

(Sue Khwai)

VIYNY
(Khai Mu)

Mlssonannsweg (EPS): A1UININANLSVBIUSENITAIY

Snundnnsnefismieliudivemdnnindandyvouion
33NaNITINYAT

WNIUATIASBIAY

UszAude

UL.LAUG BULNS 1w $Ia (ADVANC.BKK)

U, 5UIANINTUNN (BBL.BKK)

UNALFunSaimnn (CPN.BKK)
nagnEnTievsfieduiudnanadalundn

nagnsMRnIALntasuTeNaINMTIATIRIMIANALAYeY
A5LARBULNYBIIIAN kavf ot TuRUL AT ALY

syvuluseaiuge

s nﬂy d‘ ] 4 d’ o o [ £ L4
nagnsnsveeaiulunnisyimlsandeglunuiliduszey

duuazdnuayulasind
\ASUGAENS
QREEYRR

NIGN

NOWIUT I

UYWL

AN UAA

mls
Fensnnindiouiinamdnnsndazas

PENANNSNINBUNTIP NSNS LV TUTU
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A1519% 3.2 (6i0)

Keywords
Type Keyword Definition
Yearly Search AUAZASY ., - - .
N3IUTIATIBLNEDNNTRY COVID-19 vassguralneg
Term (Khon La Khrueng)
Yearly Search 1An-19 ooy o4 .
lsafaeniinanlasa SARS-Cov-2
Term (Covid - 19)
Yearly Search FugoUldy 4 - .
N1330439AYILLNEDN19N15HY COVID-19 vassguralney
Term (Chim Chop Chai)

Google Trends LJutiuladivos Google a5 199 UL Y281 UAAMUTINTBY

o o w

Adfyoeulal wu Fedur Joupaa wieoraduliaivled Jldaunsagaiuiiouves

<

o o

Addgimaninuaniui lidiagfusgdulan szivend uiosziudantn wasdsanunsog
Wil uganteNs 18Ty (Huang et al., 2019; Nishimura & Acoba, 2022; Papadamou et al.,
2022; Poutachidou & Papadamou, 202 1; Sycinska-Dziarnowska et al., 202 2; Tudor,
2022) Google Trends M5un1seenwuvaionsIvaauAILTeNTaIRd Ry availy
dermuslonidlunisimuniiotnfintiu Google Trends a¥1tudmivdléfifswvialdsy

Usglavuainmsud lidnssdudnnisnaiavsednvesiiuiiesulal niauduadndaanis

'
a

Suduvdonuseinlevdenueanuies wliuailainazaneeslsd uiseslsfignfumuseiian
mAululsiag TunIaiou uaﬂmﬂf:é’aﬁzhaiumﬁﬁwmﬂaqwﬁ‘mamimmmLLazmi‘ﬁwm
unugIAvegwassLiuaesly Tudunisiiu Huang et al. (2019) Aunuiinisiadoudilu
AEN136n9 9 a3 S&P- 500 \WABLKUaIUSINMNSA A ausazIaRaum warlaenisveny
AUNNEVRIA

Google Trends Y5 Ut o ansAunlfiduninsgiu (Normalizes) Lt 013013
Wisuifisudndeiu Tas normalizes smamaauazsumisveaddunn aniiu fiaunadng
wgnUsuILIAeIN 0 fv 100 Wedidusiveamadumiamsluriade Auiifuanseuaulaly
NNTAURIABINUFIUNTUAT Wi 9 (Huang et al., 2019; Nishimura & Acoba, 2022;
Papadamou et al., 2022; Poutachidou & Papadamou, 202 1; Sycinska-Dziarnowska et
al,, 2022; Tudor, 2022) A5199 3.3 uansiegeAeenioufiuszvulddunuy Google

AnduUAU Google Trends sewa19U 2017 §4 2021 Tuuszialney
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A1919% 3.3 Fe19A1AUNT Google Trends dmsulmaazAlulszimealny

Date Debt Color Stocks Restaurant Portfolio Inflation Housing Dow Jones

2017-01-01 3 21 17 60 30 17 11 3
2017-01-08 22 31 32 51 29 24 7 11
2017-01-15 9 39 25 43 36 15 9 6
2017-01-22 37 41 42 43 38 24 32 9
2017-01-29 12 29 20 50 a1 38 17 8
2017-02-05 34 38 21 51 25 55 30 8

3.3 N13W38UYBYA (Data Preprocessing)

n1sUsgranateyawyseaniduaiudiu dail (1) dusiniamaia (technical
indicators) (2) N3uANUTEENTANFIUIT MACD (MACD) uag (3) nstaenadnfygy (keyword
selection) fiyvsgmamaialunaiananningvunedgasneadamansnumsiuasuiag
LaEAiANNIveImann WU IkazUsia dmvsunisidenddfy dilgudenfinyAAunig
LY (Y L 6 ¥ = o a yYa § & £4 v A ¥ [
Unamulusaiavdnnsngly saufsamglddunedidaldlunisAundeyanineitesiy
anNINg

3.3.1 Aausdnnamnaila (Technical Indicators)

¥
Y

A%

(%

Favamaiia (Technical Indicators) fidumeulunssiiunistoya fad

1. i’miam%yja%mmamwﬁﬂw%’wsj‘%wizmﬂm (SET 100) tJusredunv 1NYY
Tuluuug (Yahoo Finance)

2. dusuAidTamamada (Technical Indicators) #ins ¢

1nelALARINATNSHINITIN 3.4

d' U ] £ v [ 6 I @ Q‘l’u a . . a o
A19199 3.4 DY NVBYANANNINY WATAIRITINNIUNAUA (Technical Indicators) U99UTYN

HUUANDULD ADSUDLITU 9199 (W) (WHA)

Date SMA  WMA  EMA MACD RSI %K %D
2021-01-15 2999 3012  3.019 0.025 49.695 47.619 68.158
2021-01-22 3.004  3.005  3.003 0.026 36.991 38.095 60.975
2021-01-29 2999 2979 2978 0.024 25.940 28.571 52.432
2021-02-05 3.004 3.010 3.017 0.032 72.998 76.471 49.736

2021-02-11 3.047 3.086 3.088 0.048 85.846 82.609 53.501
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[
Y [

1NN 3.4 uansiisiogeteyandnning uazA i ianianada (Technical
Indicators) ¥83U3 FuuAneme AesUaisty 1R mww) Aedsedeufinuuig (SMA:
window = 4) ATaAsLAdsuituuutivin (WMA: window = 4) A1Laa8LAaauiluuuEas
Yhminuuy Exponential (EMA: window = 4) Anadsiadeuiiuuunounesiaudlanediaud
(MACD: window fast=12, window slow=26) A4 AU& LN US dUN NS (RSI: window=4,
method="EMA") saadalainasalauaa@n 1A (%K: window=7) uazooadalalnosalauaasn

f (9D: window=7)

3.3.2 NMSNUSEANSNINEUST MACD (MACD)

v
LY (Y]

FTIn Moving Average Convergence Divergence (MACD indicators): MACD ledl
AsUSUAIMITALeS LNz alTuYeILsaz v nnsSNg Tnsndaznannsndaziaimisdnes
989 window fast wag window slow NwANAINAU ein15USUAINISINLGDS bALNUIEA 28

wuuF1aeIn15guUnlel (Random Forest) LaAIHAANSAINTIN 3.5

A15199 3.5 F9819AINISITMBTVe MACD indicators @nsufasRannsne

Symbol Indicators ~ Version  Window fast Window slow STD
ADVANC MACD V2 2 25 16.48
PTT MACD V2 2 25 6.31
ORI MACD V6 ) 7 2.86
KTC MACD V1 2 34 14.07
AEONTS MACD VO 2 30 38.46
SCB MACD V2 2 25 28.10
TOP MACD V1 2 34 19.37
TASCO MACD VO 2 30 3.19
CK MACD V2 2 25 4.25
BTS MACD V2 2 25 1.71
CPALL MACD V2 2 25 8.61
BBL MACD V2 2 25 42.09
EA MACD V7 3 6 8.64
DELTA MACD V6 3 7 126.43
CRC MACD V2 2 25 1.36
MINT MACD V5 3 11 7.88
MAJOR MACD V5 3 11 5.14
SAWAD MACD V5 3 11 12.46
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A1519% 3.5 (¢i0)

Symbol Indicators  Version Window fast Window slow STD
SUPER MACD V15 9 19 0.23
STPI MACD V12 5 13 1.39
BEC MACD V5 3 11 2.97
AMATA MACD V18 20 50 4.35
CPF MACD V5 3 11 2.49
HANA MACD V3 2 27 8.65
GFPT MACD V13 5 8 2.01
EGCO MACD V5 3 11 51.91
BGRIM MACD V3 2 27 9.69
PRM MACD V5 3 11 1.26
GULF MACD V5 B 11 6.08

3.3.3 mMstaenadAgy (keyword selection)

A a U a ] 1Y) l ' o oA 1 = A o o o ddgy
fAensidentaduidmasoninulaoniaunazedns dadefinanisdard1Aeyild

Funmaduines inuazArdudsyans anduwusesau () ferdsy 20 susunsn W
AUAUNUSITIVINLALTRUATY MR ONAMTUNIT TN IANNUABAS BLFRE 18NS AU
398n 20 SuduLInTiaBsuanuasBaureauTin duudaletie AosUaisty S1da Gmww)
wamalilusngied 3.6

)

A1519% 3.6 ARty (Keywords) 20 SUAULINTOIUIEY AUUAIDYE ADFUBLTTU 9110

(umvw)

Symbol Positive Correlation Negative Correlation
WHA wha 0.2322 restaurant -0.2028
WHA sta 0.2262 major -0.1999
WHA tcap 0.2161 holiday -0.1818
WHA sawad 0.2066 fun -0.1771
WHA settrade 0.1885 N (kaek) -0.1693
WHA dow jones 0.1878 hybride -0.1671

WHA banpu 0.1851 food& beverage -0.1642
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Symbol Positive Correlation Negative Correlation
WHA tisco 0.1840 bec -0.1567
WHA toa 0.1832 Usgdie (bpra chai) -0.1511
WHA aot 0.1824 forex -0.1430
WHA bcp 0.1822 short selling -0.1411
WHA hmpro 0.1766 water -0.1362
WHA Uan (bpot) O=ief53 mbk -0.1340
WHA th 0.1724 thani -0.1339
WHA amata 0.1712 LU1gs (bor nang) -0.1331
WHA bdms 0.1689 travel -0.1249
WHA cpf 0.1679 top -0.1224
WHA bbl 0.1672 nnsa (dtok rot) -0.1218
WHA - 143013 (bor-ri-gaan) 0.1645 markets -0.1214
WHA cpn 0.1615 bts -0.1198

MR Wun: d1uIUee Indorama Ventures PCL (VL) stock , Usede (bpra chai): d1uiu

294 TPl Polene PCL (TPIPL) stock, bUNZ#US: d@113auveld Interhides PCL (IHL) stock, ®#nsa

(dtok rot): MasasPenannIngnounIIAIaINUANGUIL Uan (bpot): NoIARannINg wag

USNNS: NRUYAAINNTINUING

3.4 uUUIa99 (Modelling)

LUUD1a09 (Model) Tuniswannsainisead sulviveasiausasnannsne Lo

WlsuiguAu 3 wuudass A nsdlundssianiluvanasslaldafa (Logistic Regression)

n1s3unUszaniuun1sduUalil (Random Forest) wag N1531LUNUTEANKUY Extreme

Gradient Boosting (XGBoost)
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NMIMNUANITIILMDIVRINTILUAUTELALIULann DY adaRA d51vazidunlanily

AN519N 3.7

A15199 3.7 WIAMBSVBINNTILUNUTEANLUUANDDYLAIERA

Yaw13dinas AUNIY A

Inverse ATNNKU V83 Regularization Strength 1.0
NITLABSNNNUAUITINAFIUVBILUUTIABINITYIUNY
nalnetAuld 2 @7 Ao Lasso Regression (11) LIun1sein

Penalty - o o i (2
u1asauUsiidenavessonuuitaseaniiuag Ridge
Regression (12) azuiunnsiauysbiluginnsdniia

3.4.2  ns3wundssnnuuunsguUald (Random Forest)

N1SAMMUANIIIEADIVBINTTTIUNUTEANUUNIsduYal HsneaziBenuanaly

AN5199 3.8

M19197 3.8 W5 TwesUINTTIUNUTTAMIUUN S UYLl

~ a ¢
BONWIINHULH DT

ALY AN
Max Depth ANUgavesruliliingdula 70
Number of FuuwuuTaewulifndula (Decision Tree) lunsguihld | 1200
Trees (Random Forest)

Min Samples S stusiigoddlunisuenivun 10
Split

Min Child Sruunasuteyaiivnfigananiiegluluusly 4
Weight

3.4.3  n15IMUNUIEANLUY Extreme Gradient Boosting (XGBoost)

. a s J . . A
AT UANITIULADIVDINITAILLUNUITELANKUY Extreme Gradient Boosting 4

IUATLDYARAAILUANTIN 3.9
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Yan1573Lmes AN A
Max Depth Auasvesulldnduls 10
Min Child IIUHaTINTYaTiNanNgaeglulnualy 1
Weight
UIUAEAVBN loss reduction Magldutalvualuvessiulil
Gamma 0.01
fnaula
gnsIN1ssEuFveuUTaadasinindesiuldliuuudiaes
Learning Rate 0.001
overfit annLAuly
o/ (-3 a
3.5 naanswarn13anUs18 (Results and Discussion)
3.5.1 Us:ﬁw%mwuawm%’a;&a (Performance on dataset)
M13197 3.10 Us¥aninImvesynieya (Performance on dataset)
Model Type dataset Test Unknown
Accuracy Precision Recall F1-score AUC Accuracy Precision Recall Fl-score AUC
Indicators 0.9699 0.9589 0.9699 0.9587 0.8457 0.9818 0.9739 0.9818 0.9745 0.8251
Logistic MACD 0.9663 0.9337 0.9663 0.9497 0.6478 0.9814 0.9638 0.9814 0.9726 0.6616
Regression Keyword 0.9727 0.9664 0.9727 0.9653 0.8999 0.9840 0.9843 0.9840 0.9779 0.8880
Indicators & MACD 0.9706 0.9649 0.9706 0.9623 0.9208 0.9775 0.9753 0.9775 0.9763 0.9385
Keyword & Indicators 0.9813 0.9794 0.9813 0.9790 0.9767 | 0.9834 0.9827 0.9834 0.9830 0.9733
Keyword & MACD 0.9733 0.9690 0.9733 0.9674 0.9283 | 0.9824 0.9769 0.9824 0.9776 0.9326
Keyword & Indicators & MACD | 0.9799 0.9781 0.9799 0.9786 0.9718 | 0.9824 0.9833 0.9824 0.9828 0.9740
Random Indicators 0.9694 0.9555 0.9694 0.9553 0.9348 | 0.9818 0.9638 0.9818 0.9727 0.9324
Forest MACD 0.9663 0.9511 0.9663 0.9508 0.8445 | 0.9818 0.9638 0.9818 0.9727 0.7770
Keyword 0.9727 0.9734 0.9727 0.9619 0.9120 | 0.9814 0.9717 0.9814 0.9737 0.9045
Indicators & MACD 0.9666 0.9540 0.9666 0.9520 0.9459 | 0.9818 0.9638 0.9818 0.9727 0.9447
Keyword & Indicators 0.9734 0.9708 0.9734 0.9642 0.9645 | 0.9831 0.9833 0.9831 0.9758 0.9623
Keyword & MACD 0.9727 0.9714 0.9727 0.9642 0.9374 | 0.9821 0.9824 0.9821 0.9735 0.9201
Keyword & Indicators & MACD | 0.9741 0.9725 0.9741 0.9671 0.9693 | 0.9831 0.9833 0.9831 0.9758 0.9638
XGBoost Indicators 0.9732 0.9674 0.9732 0.9681 0.9577 0.9818 0.9767 0.9818 0.9782 0.9499
MACD 0.9648 0.9503 0.9648 0.9541 0.8349 0.9818 0.9638 0.9818 0.9727 0.7753
Keyword 0.9743 0.9694 0.9743 0.9682 0.9339 0.9850 0.9840 0.9850 0.9802 0.9456
Indicators & MACD 0.9712 0.9653 09712 0.9653 0.9568 0.9801 0.9737 0.9801 0.9760 0.9572
Keyword & Indicators 0.9823 0.9810 0.9823 0.9796 0.9787 0.9879 0.9871 0.9879 0.9855 0.9810
Keyword & MACD 0.9762 0.9731 0.9762 0.9721 0.9651 0.9831 0.9803 0.9837 0.9785 0.9616
Keyword & Indicators & MACD | 0.9817 0.9803 0.9817 0.9794 0.9838 0.9860 0.9842 0.9860 0.9848 0.9810
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dadenudnnindamulaslddeya 7 4a: (1) fdTamaia (Technical Indicators),
2) 24 Ta Moving Average Convergence Divergence (MACD indicators), (3) a1a ulu
Google Trends (Keyword), (4) Indicators & MACD, (5) Keyword & Indicators, (6) Keyword
& MACD, wag (7) Keyword & Indicators & MACD

Foyauisuiisuntseandu 7 4o (1) fadiamadia (Technical Indicators) Tdud
SMA, WMA, EMA, MACD, RS, K wag D; ), (2) &3 i 1a Moving Average Convergence
Divergence (MACD indicators), (3) A1 Auly Google Trends (Keyword), (4) Indicators &
MACD, (5) Keyword & Indicators, (6) Keyword & MACD, g (7) Keyword & Indicators &
MACD uenanil Toyadmiunisidousvonsdesing (Machine Learing) Sautsoonifuany
ya loun Aneulagnaday (Train and Test): 1 1n$1A1 2017 §19 30 wowAIAL 2021 638
§n3ndu 80:20 uaw Unknown: 1 fiquign 2021 fia 31 Sure 2021 gateyaitliidnde 14
iiegauszasdlumInsulszansnmuesteyailiineiaeiiion

397 3.10 uansliiiuindwiuteyanaass (Data Test) foyagnil (7): Keyword

v a

& Indicators & MACD duszdnsnmmiloninyadeyadug luuivues accuracy, precision,
recall, F1-score and ROC-AUC score ﬁﬂ%fusﬂlag’aﬁllﬁffﬂjﬂ (Data Unknown) Random
Forest Wwag XGBoost laeld Keyword & Indicators & MACD Lflwqm“i'faagaé'ﬂﬁﬂizﬁwﬁmw
aﬂd’lﬁmsﬁayjagu‘] Tneannzetads 14 Keyword & Indicators & MACD maug Wi Logistic
Regression ¥haulantuiiiew3euiiouasiiuy F1 wagasuuy ROC-AUC

Tnssnudy WeSsuiteoudszaviamnsmansaivessadoyatis 7 4a Keyword
& Indicators & MACD Hiaguuu F1 wazazwkuy ROC-AUC qqqmiuﬁga 7 4 faduvenidutei
yadoyaaruisadameiusliunisAumesulal (Online Search Trends) WarauNIULIAN
N19N133% (Financial Time Series) ﬁa’lmmﬁﬂﬂajﬂ’lﬁt,mwﬁlﬁ Sy asnedl 3.1 ns
Fonndnninduszansnndsliyadesia Keyword & Indicators & MACD Lilonnsitas1es

VLA

3.5.2 Useansnn (Performance)

MsinUsEAVE N MEIENISIIaBmANA A NENERLNNSTeuIeSedUAY Sunted
iﬂmﬂmaﬁuﬁﬁmiqmﬁwwaﬁﬂmﬁdawﬁmamaﬁiﬂmﬂmaﬁuqmﬁﬂwmé’ﬂmﬁ o
Froodlunaiandnnindlne daniusn uasnsamuluduaise 1 U asfisluvieanas

1 I~ v % cal 1

Yuagfunan1amuvesduaviney tnekuudtasszAndennannsndnuiamuadga 10

Y

Re

gusuwsn wanand wuan1s¥eviglundazUuasnnUMSuaunI813u 10,000 UIMAuAT
2018 fia 2021 UsgAvsnmgnimualagesidudvenisiennannindiszauaudisa

(WasigusuainIsiaanndnnsng N muzanuszadunin) waziuasidudnanauunus ol
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(HanpuknuTInluuAazdUn1isIu 1 U) naawsaues Logistic Regression, Random Forest
wag XGBoost gniwunUIeuliieulusuin 3.2 - 3.4 Felviseazideaneiiuuszansainnis

LEDNUANNTNEWALHANDULNUTINUTEINTURmT 2018 D19 2021

SUCCESS PREDICTION RATE (%)

L

2018 2019 2020 2021

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

Jul Logistic Regression MR Random Forest - = WSl XGBoOst e Avg.

JUN 3.2 Wesiwudnisidenmanningnusvaunudisa (Success Prediction Rate)

ANNUALIZED RETURN (%)

4500.00% L — 3 A E o L fm s — = — - - - =
4000.00% = < RN e . | - - -
3500.00% =
3000.00% W
2500.00%
2000.00%
1500.00%
1000.00%
500.00%

0.00%

2018 2019 2020 2021

Logistic Regression ~ WM Random Forest Ml XGBoost e Avg,

sUTl 3.3 Woswusnameuunusiel (Annualized Return)
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TIME-SERIES CUMULATIVE RETURN
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ol O A A el e i ol W) VST U AT IV VY 2 VY v
SET'Index,  ====- SET100 Index Logistic Regression - Random Forest ———= XGBoost

5UN 3.4 HanaulnuagaNalaunIiaT (Time-Series Cumulative Return)

olud JunasnsUszadaeund 2018 s 2021 (3U7 3.2 - 3.3) $n51A0d159
WAUEINTURUUIAR Logistic Regression 78 49.55% wavnanauwnuwadsselie 19.13%
Inednsnisvinueaudiiagdalull 2019 Ae 50.80 % waznanauununelagalul
2020 aq’ﬁ 45.42 % wUUs1889 Random Forest figms1audnsaad u 80.06% wav

nanauLnudenel 1330.78% lagdnsinisvinneanudnsananaalul 2021 Ao 86.67%

waznanauwnusedndnigalul 2020 Ao 3,305.68% wUUT1883 XGBoost HidnsiAmudnsa

=

12y 81.39% wagKanouLIURALRET 1,549.06% laeddasianudisa 88.82% dwmuli
Afign 2021 uay 3,830.02% dvsuTAAT AR 2020 99ngUT 3.4 Logistic Regression,
Random Forest waz XGBoost uanslvitiutisnulamaumiassiuinsgiu SET wasaudl
SET100 Tunasnlndlenasnssesiiandnasd (A.A. 2018 43 .. 2021) AULANLAUYDY
nanouunuiaud N TulnesuduATIn1sELIaTes COVID-19 Tudl 2020 Tabagy

=Y

=l a a a [ a a v [ o Y & 1
AstUSeUgUUsEANS ANAUNSUTEEUNI9NS R LT UNa U U e A UAIULANGIa

\ & ° ] Yo v ~ ¢ & & o & A
FEMINNIAURUVINEDY WUlATAI1N15IY Random Forest Hilasidunminudsalaeiaie

g9an Tuvaue?l XGBoost dnanauunudellnelnfegegn
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Tud 2020 WWulidnanouunuuniige eswinaaianannsndlvedaiuduniu
261911NINUANIAIlAIA-19 wagdngan1salang 9 nn q Vezdiivgnsalnduansenuse
AN TNENTITIVINWALITIAU Aty 1151991 3.11 Fedanuseansnmeauudiaes

dmiuingarne 9 lulszinelng

3.5.3 Uszansnwluwa93nge (Performance for Crisis)

Tura9ingasng o Tulszmdalne Uszansamvedunaazuanstaiuluniugieman
9107 2018 {9 2021 AwgUT 3.5 §3nga 6 Uszian Laun Quantitative Easing (QE),
Controversy, Foreign Investors, MSCI, Protestation waz Covid-19 d1suinganisallain-
19 wusladu 5 anuzvediada Wemnusazanuzasudasiiendnvalianzialuudvenis
wanadauuulunanandnndndlve Fuiuiesuisauaniusasinssruinvedainuazaiy

aulalufnansgnulunsazaig

I 2018 I 2019 | 2020 : 2021
! Quantitative I 1 1 .
F" | Easing (QE) I 1 1 Covid-19 (3)
| I 1 1
1 1 1 1
Mar 1 | | \
| 1 1 1
Apr 1 1 | I
| ] I i
May I | MsCl 1 1
| 1 1 1
| I 1 1
1 I 1 1 !
Aug $ I | 1 Covid-19 (4)
1 1 1 1
Sep | 1 | |
1 1 1 1
| 1 1 1
Nov ! I | ! Covid-19 (5)
| ] 1 1
we {[mmmn] [ ]!
I ] 1 |

sUil 3.5 Ingansalluussmelneseningd ae. 2019 - 2021
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% Success Model Win
Crisis Logistic Regression Random Forest XGBoost Model
QE 55.00% 85.00% 83.75% Random Forest
Controversy 51.11% 78.89% 65.56% Random Forest
Foreign Investors 45.00% 71.67% 63.33% Random Forest
MSCI 57.78% 86.67% 82.22% Random Forest
Covid-19 (1) 51.54% 73.85% 79.23% XGBoost
Protestation 65.56% 94.44% 90.00% Random Forest
Covid-19 (2) 42.86% 90.00% 91.43% XGBoost
Covid-19 (3) 40.00% 82.22% 84.44% XGBoost
Covid-19 (4) 56.25% 92.50% 93.75% XGBoost
Covid-19 (5) 51.11% 90.00% 90.00% Random Forest
AVERAGE 51.62% 84.52% 82.37% Random Forest

Quantitative Easing (QE)

1nsNsHeUAIBIGeUTINA (Quantitative Easing QF) illugtuuuniswosulouny
nadufiswiansnatsesudazUssnadmuady Tufouunsiay 2018 fednanandnning
wisUszmelneYadigedad 1,838.96 n Fadutaduddnlunisanaswessinnesd (§o et
al, 2021) 1lea9nEANTENUTRNSNNS QF Tuansgesmuardiuuaznisusvansas
nenidsressurnsnansglsy (ECB) Fansedulitnamuamulunatandnnsndiiion
mamammuﬁﬁﬁu HAANSUDY Logistic Regression, Random Forest Ly XGBoost @?al,wi
WAeuunsAufanuAius 2018 fawaadlunsned 3.11 weliiiusnsnadenvdnnindy

Uszaunudi5ai 55.0%, 85.0% uay 83.75% auaiey

A1sUauds (Controversy)
nsneuldnIsmMIivesansgwazIuduasasiunsalan lnsanizuinsnisnouls
¥ 1 v = 1 Yo A U L% = cg % '3 Yo = o
VNN1TANTENIN9aN3 T hazdu danaliaell SET USustaaufounsdunin udinaziidade
advaywrannindngunaanuansantiulunainlaniiviusiigetu sgdlsinig dslaiiies
WONALYALVYLTINAAUIINATVIEANT NS NN TNG Inevealnaamn ua 9w IAf sAduinaig
FUani ae19lsAnn aatanannsnglnedinsladuasarunistunatnnannsngniinia Tu

Y

A a [ [ A v [ ¢ a o [ o U
LRBUNDUIBULASNTING 1AL 2018 9RI1NTANLABNRANNINYNUTLAUAINUALIIFINITU
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Logistic Regression, Random Forest lLa¢ XGBoost Ao 51.11%, 78.89% way 65.55%

ANUANU AILAAIIUAISI9N 3.11

Foreign Investors (finasyus19v1A)

SET Unav 1,508.37 90 fgasou 19 iew ar udl 27 uaiau 2018 aunandni
INTUNAWUANYIRVIBANT 1,832.50 d1UUM (Smart, 2018; Today, 2018) Fanandlumis
i 3.11 wadnsves Logistic Regression, Random Forest 1ay XGBoost TugaafeusuIau
2018 f4uN31AL 2019 WAAISMIINITLE DNNANNTNET 45.000, 71.67% Laz 63.33%

ANUAINU

MSCI

MSCI Index ﬁamm%mmgmmm Morgan Stanley Capital International Walu1Tu
a < o S o [ Y] | a A = 1Y o 3 o A
watdud Iadmsuinamusinagidmeldlunisiden nanninduazranauwny Jui 28
WOuNIAL 2019 AaranannIndlneUan 1,632.04 30 LWNTY 7.20 90 YAAINITY U
204,855.67 a1uum geaniulseianisal ilesnnnisuiudaminvesdytl MSCl Thailand
Fanudwinvawmannindlneundnlunisamureivl 91015190 3.11 SasnnsAnden

NanNNI NN A1mn15adlaY Logistic Regression, Random Forest Wag XGBoost Tuaiaiiou

W wAAL-1 118 2019 ag’ﬁ 57.78%, 86.67% .ay 82.22% MIUS1AU

1a3n-19 (COVID-19) (1)
Ingrlain-19 dmansznusaiAsegnalannatslsznis laeuinsnisaenaidina
1 a =i A o < & o v ¥ a ! & -
nsENUsBLATYINANINTIan Wedn1saena1iu WibilAuuargsianie 9 Fevesluianssuy
gINGIVINTY LFU HeasInaudgndsln Sudmansenudonaranannindlngluiui 26

% [

nuATTUS 2020 nanpmdnnindlnesimiin 72.69 90 vide -5.05% TufuiAen Und 1,366.41

a

90 SET Unnsdenefudl 9 .o, 91 1,255.94 90 anas 108.63 90 v3e -7.96% SET Juil 12

q

IS v A

.a. Uafl 1,114.91 90 anag 134.98 90 ¥30010YU 10.80% aatanannindUaiuil 16 i.a.
97 1,046.08 90 anas 82.83 30 130 7.34% U seylilun1s1an 3.11 Usednsainves
nsdenvannsndaausinaununiusiauweu 2563 lagld Logistic Regression, Random

Forest Wag XGBoost aeffl 51.54%, 73.85% Wag 79.22% MG

n15Use739 (Protestation)
n1sUseriaslunsunnumuas Usenelng Wedun 30 aatau 2020 drlugnis

Usenianzaniduluiomads dawalviaull SET Uan1sdeuiedudi 1,214.95 3a n1sld
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Logistic Regression, Random Forest ey XGBoost 91n7M151991 3.11 §M51A1INIUNY
Anudnsadmiufieunaiautazngainieu 2020 1Uunil 65.56%, 94.44% uaz 90%

ANUAINU

1a%0-19 (COVID-19) (2)

nssruInvalsalain-19 13 udufi s iaaynsaraslulsemelng wiouq fud
Uszinalsioenunnsmsiniuiongalililisaunsnszaesely smoanufnavesinamu
Rerfusnasmsinduvesiminaynsains dudnarndnninduisszmalneluiui 21
§u21AY 2020 anAwNNNTT 5% Uamainlngwianu 80.60 99 138 -5.44% 71 1,401.78 99
9nAN5197 3.11 SameudnSavesnisdenudnnindiinianisallag Logistic Regression,
Random Forest tag XGBoost lughifausuinai 2020 fsunsiay 2021 ogjii 42.86%, 90%

LAy 91.4% MIUAINU

1a30-19 (COVID-19) (3)

NAINNIKDUAAENIRSNTAeNA FudnatandnninduwisUssmalng Tatud 11
fl.6. 2021 047l 1,636 56 A0 WinTu 11.29 90 gegaluseu 1 T 4 1iou 18 Tu glshnm
Slomnmsmsdenantiiouaansas msundszuafiiuusity wasnaindnnindfususas
ogreliles 91NmT1eN 3.11 UssAvsnmuesmsidenvdnnsnd Auszauaudsalagld
Logistic Regression, Random Forest wag XGBoost lugatidpuliguisuiianingiay 2021

Ao 40%, 82.22% LAy 84.44% HIUAINU

1a39-19 (COVID-19) (4)
o iUl Uieladn-19 luusemadintaiausnaduanniy aaiananning

uwisUszinAlneTad 1521.72 qaluiudl 6 Awnan 2021 anas 5.94 gauazlasanluseu 5

¥
Y a IS

WAou aunNIAINAaIAnannIng lngdunTyivusinaduaindavlAnelain-19 u
Useine fidsgandnTuay 20,000 918 sanemsevinAfessdud wifdedanumdes dnasmu
Jespiingeds mnmsnusuilaenaandnninduissemalng (man) Wotui 6 dwnay
2021 tinawuan1duIenanning 135.90 Auum lUsNNesvenannsng 363.93 a1uum
fnawuinsmRuiendnning 2,07831 d1uvm uarinamusisgosdendnnindyad
2,578.14 81UV 80AIBVRIUNAMUANYIALUYI 6 TuusnuaABuFIWIANTLAA1ITINES
£ 8,148.43 d1uum sauanslun1sned 3.1 snsianudisavesnisidenndnnindlagly
Logistic Regression, Random Forest Wag XGBoost lug1diioudsmiauuaziue1ey 2021

0ejfl 56.25%, 92.50% Wag 93.75% AUy
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1a30-19 (COVID-19) (5)

Fudl 28 ngAInieu 2021 Aavevdansnduisszinalne anas 37.85 9a Jad
1610.61 9 Mnlfalalsuaeiusloluasou 2019 wunliuanasegusiaiies fuilsasdn
20.92 9alutuil 29 wamdniou 2021 Iafuil 1589.69 90 anasdn 21.00 9aluiuil 30
weARneU 2021 U7 1568.69 3 M3 3.1 uansliifiuddnsanuusiugwes Logistic
Regression (51.11%), Random Forest (90.00%) Way XGBoost (90.00%) mud1fy Aiian
uazgsgadmiumsiunendnvindimimislutaafioungedniouuassunesid 2021

1ndnganisaling 4 MAntululsumelnesenined 2018 - 2021 ngautsesnidu
6 Useinyn lawn QE, Controversy, Foreign Investors, MSCI, COVID-19 W@ Protest
Uszdndnnlaesiuues Logistic Regression #9m31AMLNUE1IA85IU 51.62% Random
Forest d8n31a273M U lne 59 84.52% (Usednsaingeaaluya9ingnnisidu: QE,
Controversy, Foreign Investors, MSCI, Covid-19 (5) Wag Protest) @113 U XGBoost
UssAvsnmlnesauasiondsnudiia 82.37% (UszAvsnmgaaalugavings: lada-19 (1-
5)) aavhgdmsumsdszdumanmsiudeunddluyisinga Random Forest aglugusiuusn
Tuuduea % Audsa 84.529% luvnigdl XGBoost aglududunsnluyenisszuinves
COVID-19 918 87.77%

91nU5aNTNMU9HAU Random Forest Huszdnsnunlaesinluilesiwusdnisiien
waANSNE T Uszauai1udniafingi 2 wuugiaas (Logistic Regression ke XGBoost)
desnndanesfinfrnuaiionnn uasvhaoulddsursudssoideuasiudsilideiies
wiihdeyalmiazgniimdlulugedeya saneFiulnesinazlilssunansenuogieiiiodfny
LﬁaqmﬂlﬁmL@ulﬂlé’ﬁsﬁau”almiasa’amaﬂswum'aquﬁwaaqéjulﬁﬁgwm (Breiman, 2001)
oglsfinna Tudag Covid-19 Humarniinisusudasesisgunss XGBoost Tivasiwusinisg
Fenudnnindfusraumnudiiafigandn Weaunandnunedoyatng Covid-19 dudnare
panprulsiinsUSusasedeguuse Ssnsusuduuoiifudy aea (Cass) dwilos Huly
1641 Random Forest azinslimudifinysio class 4o ws XGBoost Wumadeniivon
FHeondwiugadeyaithiauna Fewail XGBoost Feilafiwudmaidenudnningiivszay
mmﬁ’m%ﬁ]ﬁ'qaﬂ'jfl Tuwauel Logistic Regression HUssan3aniiaoudein ilewisudu

Random Forest Wway XGBoost Lil8911317 Logistic Regression basun1sUsuliinungau

dmsuiudsitlasieriies (Robles et al., 2008) ToyaiilaiuSauiiieuiu Random Forest wa

(%
[

XGBoost Udnuardayaved Keyword & Indicators & MACD innududou Felvieanune

¥ LX U dl L dl
SUEJQ;IJaLL“U‘UG]’JLLUiW@Lu%NLLﬁ%hJG]E)LUQQ
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A5N13ALHUIUIYNITIANDIANRANNS NI NLRUIZEY

unilagnansisnsanlivaddslunsell Falingusvasaivenisianasavdnning

Mz laoilenluuniusenaun189a9oman 9 Ao WHURITUADUNITALTUIY

(Process Diagram) ‘tT’e)igja (Dataset) msm?awﬂ”aga (Data Preprocessing) hUU31884

(Modelling) waznadnsuazn159AUs18 (Results and Discussion)

4.1 WNUNITURBUNIIANLENSIU (Process Diagram)

YUABUNITAILUIY

nsaudunuideluasaiiladnsyuiumslunshenuidenatensyuiunisiansusy

7 4.1 Teefvuspoulunisaniuny A
1. mswaenuannswe (Selections Stocks)
2. msianesaranningiuuigay (Portfolio Optimization)

3. Haswskazn1senuUsiy (Results and Discussion)

Portfolio

Optimization

Selections
Stocks

and

probable stocks «Sequential Least Squares
Programming (SLSQP)

« Risk Parity Optimization (RPO)

« Genetic Algorithm (GA)

« Particle Swarm Optimization (PSO)

« Ant Colony Optimization (ACO)

Results

Discussion

« Selections the top 10 most « Equity Investment (El) « Results and Discussion

5UM 4.1 urulatunaunsaiiuaiu (Process Diagram)
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4.2 prstaanvannsng (Selections Stocks)

mMsidenudanningdrsuuudiasenisg uua kil (Random Forest) 1 899103l
Uszansamlagruluesisudnmsdenndnnindivszauanuduiainii 2 wwudiaos
(Logistic Regression kag XGBoost) ﬂyuﬁa%aﬁmﬁ' (7) Keyword & Indicators & MACD
desnuszAnBamilazuun F1 uazazuuy ROC-AUC geanluvia 7 a Tnsuuusiaoss
Andonndnnsnegfiuniamugian 10 Suduusndmduusiazduayi Tured 2021 Tneidl

= .:4'
iWEJaZLEJEJﬂLLa@ﬂuG]’ﬁNVl 4.1

M19197 4.1 fregrmanningntiamuasan 10 dusiuksndmiuusiazduam lured 2021

Date symbol_1  symbol 2 symbol_3 symbol 4 symbol 5 symbol 6 symbol 7 symbol 8 symbol 9 symbol_10
2021-01-17 STA RS HANA DELTA TISCO ESSO JMT TU KCE EA
2021-01-24 STA KCE RS JMT CBG DELTA EA PTTEP SPRC GLOBAL
2021-01-31 EPG RS CBG EA BPP KCE THG DELTA JMT AMATA
2021-02-07 BPP AWC CENTEL ERW MINT JMT RS COM7 PLANB KBANK
2021-02-14 AEONTS EPG ERW BANPU MINT pPSL RS BEC CENTEL DTAC
2021-02-21 STA PSL EPG CPF IJMT ERW BEC MINT RATCH CENTEL
2021-02-28 BJC STA PSL GUNKUL SPRC TOP CPALL CK MAJOR CENTEL
2021-03-07 BEC STEC SAWAD KTC PSL AOT MAJOR AMATA JMT GUNKUL
2021-03-14  GUNKUL AWC AOT BH BJC BEC CPALL TOP LH AP
2021-03-21 GUNKUL HANA PSL 34785 COM7 CENTEL SAWAD JMT LH CKP
2021-03-28 BANPU AP KTC AEONTS EGCO PSL SAWAD JMT ERW RS

[ L3

91937197 4.1 ndamingTiunamugsan 10 sudunsndmiuusdazduanni Turaed
2021 ifundnnindiugudwsunsiane sovdnming ilenssuifieuyssansamnnsm
Sanduivanzansienisianesaiiingas (Portfolio Optimization) 5331119 MIAYULUY
LY LA B (Equity Investment - El), Sequential Least SQuares Programming algorithm
(SLSQP), Risk Parity Optimization (RPO), Genetic Algorithm (GA), Ant Colony
Optimization (ACO), wag Particle Swarm Optimization (PSO)

4.3 NM1sIANIANANNSNENWNIZaN (Portfolio Optimization)
4.3.1 PM1sasuULUUWIniiey (Equity Investment - EI)
N1TR9NUBUUWI T 8L (Equity Investment - EN) Aan1styignsidiulunisasnu

nannindgamsulunsdanesaviniu lnednsdne 10% ndunav lnelisigazidenunans

Tum3199i 4.2
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M19197 4.2 Megradnndinlunsamundnvindnuiamuaan 10 susunsndmiuusas

duansi Tueael 2021 Waldnisasmuwuuwiniiey (Equity Investment)

Date weights_1  weights_2  weights_3  weights_4  weights_5 weights_6 weights_7  weights_8  weights_9 weights_10
2021-01-17 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-01-24 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-01-31 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-02-07 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-02-14 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-02-21 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-02-28 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-03-07 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-03-14 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-03-21 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%
2021-03-28 10% 10% 10% 10% 10% 10% 10% 10% 10% 10%

911599 4.2 leg symbol 1 wag weights 1 fin §M31dIUN15899UU83 symbol 1

(ENVSWEN 1) FellauduiusLUULRIAUAUAY weights 10

4.3.2 Sequential Least SQuares Programming algorithm (SLSQP)

ATTANRUANIIIALABT YD Sequential Least Squares Programming algorithm

(SLSQP) Ssneazidanuanslunisnadt 4.3

A15197 4.3 finesued SLSQP

Fowrsines AU A1
Objective Waﬁ%’ui’mqﬂizmﬁ Sharpe ratio
function

Risk free rate E"JJmﬂfﬂaﬂLﬁ,EJUS?ﬂf\ﬂﬂﬂ’smL%‘EN 2%

d‘ 3 o | 1w 1 (% U cal
INATNN 4.3 uumlﬂqmi‘mmami’lmﬂﬂ,umiamuwaﬂmwwmamuqqqm 10

v v

~ a ~
UAULIN LAgIS18azLDunLARIlLANS19N 4.4
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1 LYY o

M990 4.4 fegadndnlunisaundannindmitamuesan 10 duduusndmiuusiag

&Uanei Turaed 2021 (Elodaneasuuu SLSQP)

Date weights_1  weights_2  weights_3  weights_4  weights_5 weights_6 weights_7  weights_8  weights_9 weights_10
2021-01-17 4.85% 0.00% 0.00% 95.15% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-01-24 9.71% 0.00% 0.00% 0.00% 0.00% 90.29% 0.00% 0.00% 0.00% 0.00%
2021-01-31 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00%
2021-02-07 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00%
2021-02-14 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00% 0.00% 0.00%
2021-02-21 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-02-28 0.00% 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-03-07 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-03-14 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00% 0.00% 0.00%
2021-03-21 0.00% 0.00% 52.51% 0.00% 0.00% 0.00% 0.00% 47.49% 0.00% 0.00%
2021-03-28 0.00% 0.00% 0.00% 0.00% 0.00% 41.04% 0.00% 58.96% 0.00% 0.00%

4.3.3 nsufuugsanuiesuuuiiisudiaiades (Risk Parity Optimization -
RPO)

1mg Risk Parity Optimization — RPO ﬁﬂﬁ’]ﬁﬂuﬁﬂﬁ%’ufmﬂizmﬁ sravuldl e v
SLSQP algorithm n1smunlaNIS M58 SLSQP algorithm Inefisneaziduananslunisng

4.5 LazUpi3enI5mINa1291 “Risk Parity Optimization or RPO”

A15197 4.5 WITnesed RPO

Fowrsiiwas AIURINEY A1
Objective flarduingUsgasd RPO
function

Risk free rate. | nsInenleUsAaInALEes 2%
Method NTEUIUNIT SLSQP

d' & o | @ ) o o A
10NN 4.5 uuuqlﬂgjﬂ']i'ﬁ’]ﬁr]@G]i']ﬂ'JUIUﬂ'ﬁaQVJUﬂaﬂmiWﬂWuqaﬂnugﬁq@ 10

v v

UAULSA Lpedisieazidunnandlunisen 4.6
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o

Urauasan 10 susuwIndImsuLaay

Date weights_1  weights_2  weights_3  weights_4  weights_5 weights_6 weights_7  weights_8  weights_9 weights_10
2021-01-17 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00%
2021-01-24 0.00% 0.00% 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-01-31 0.00% 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-02-07 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00% 0.00%
2021-02-14 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00% 0.00%
2021-02-21 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00%
2021-02-28 0.00% 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-03-07 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00%
2021-03-14 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00% 0.00%
2021-03-21 0.00% 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-03-28 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00%

4.3.4 VUMUITIINUFNTIU (Genetic Algorithm - GA)

Y

N15ANUANISITLADT VDI FUADUITLBINUTNTIY (Genetic Algorithm - GA) Tl

SNYALLIUALAAII UM 4.7

A19199 4.7 W15Hinesed Genetic Algorithm

Ly

SEMINNTFUIUNTAUIUS

Fowrnfimes AUNNY A
Objective Waﬁ%’ui’mqﬂszmﬁ Sharpe ratio
function
Risk free rate Sammenideusennaades 2%
pop_size UNAVBIUTEBING 100
num_generations | $1uauIUVEBNITILETISane 3TNz 100

Iamaw%‘amwu’wzLﬁusuaqmﬁﬂmaﬂ'uﬁ:ﬁLﬁmsﬁu
mutation_prob 0.01

N30 4.7 duthlddnismendgasdulunsamunanninguiamuasge 10

v v

UAULSA Lpedisieazidunnandlunisnean 4.8
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M19197 4.8 Medrdnndinlumsamundnvindnuiamuaan 10 susunsndmiuusas

FUawi Tugased 2021 (ledamesuuu Genetic Algorithm)

Date weights_1  weights_2  weights_3  weights_4  weights_5 weights_6 weights_7  weights_8  weights_9 weights_10
2021-01-17 10.89% 15.67% 15.32% 1.83% 6.86% 13.95% 13.47% 12.03% 3.72% 6.27%
2021-01-24 7.66% 1.71% 16.89% 8.16% 26.46% 0.36% 8.93% 3.15% 19.30% 7.39%
2021-01-31 13.60% 14.22% 8.36% 10.65% 10.96% 3.93% 15.65% 1.24% 13.11% 8.27%
2021-02-07 21.62% 8.81% 10.38% 13.66% 9.99% 7.23% 9.95% 10.23% 3.06% 5.06%
2021-02-14 12.44% 7.87% 20.06% 7.94% 20.33% 3.95% 0.84% 2.40% 3.15% 21.01%
2021-02-21 2.85% 1.66% 1.71% 24.11% 5.83% 18.83% 10.45% 12.46% 14.42% 7.69%
2021-02-28 19.41% 0.36% 8.52% 4.14% 17.05% 2.54% 17.93% 15.42% 11.24% 3.38%
2021-03-07 3.26% 14.44% 9.74% 9.58% 4.07% 13.82% 9.46% 14.58% 4.84% 16.22%
2021-03-14 12.80% 1.75% 18.30% 16.88% 4.06% 2.03% 17.24% 4.04% 13.76% 9.13%
2021-03-21 15.29% 9.29% 3.22% 7.28% 10.98% 6.64% 3.63% 14.37% 23.69% 5.61%
2021-03-28 13.69% 4.17% 5.00% 4.14% 24.65% 6.80% 5.09% 14.51% 15.00% 6.95%

4.3.5 91413n54A (Ant Colony Optimization - ACO)

NTANRUANITILAB IS BINTNTUA (Ant Colony Optimization - ACO) fiseazidun

wARIlUAS199 4.9

AN5199 4.9 msfinesvet Ant Colony Optimization

FaN15TMa3

AURUNY A
Objective Wﬁﬁ%uimqﬂizaﬂﬁ Sharpe ratio
function

Risk free rate Sammenideusennaades 2%
colony._size YNNI AL 50
max_iter nuIuseulunsseuveditenInTug 50
evaporation rate | 9R3INIITENY 5%

d‘ 5 o 1 I v I (% U & al
INATNN 4.9 uuuﬂﬂqmammamﬁmu‘lumiaw‘}umﬂmmw

v v

UAULSN Laedisneazdunkandlunisned 4.10

e ugegn 10
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M19197 4.10 Fegdnsidnlumsamundnningiinamueadan 10 susuwsndmivusas

&Uni Tugasd 2021 (ledamasuuu Ant Colony Optimization)

Date weights_1  weights_2  weights_3  weights_4  weights_5 weights_6 weights_7  weights_8  weights_9 weights_10
2021-01-17 0.00% 2.00% 2.00% 82.00% 2.00% 2.00% 4.00% 2.00% 2.00% 2.00%
2021-01-24 18.00% 2.00% 2.00% 2.00% 2.00% 64.00% 2.00% 4.00% 2.00% 2.00%
2021-01-31 0.00% 2.00% 4.00% 2.00% 6.00% 2.00% 4.00% 60.00% 18.00% 2.00%
2021-02-07 0.00% 2.00% 2.00% 2.00% 6.00% 4.00% 72.00% 8.00% 2.00% 2.00%
2021-02-14 2.00% 2.00% 10.00% 2.00% 2.00% 72.00% 2.00% 2.00% 2.00% 4.00%
2021-02-21 100.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-02-28 2.00% 52.00% 2.00% 10.00% 4.00% 2.00% 12.00% 10.00% 2.00% 4.00%
2021-03-07 94.00% 0.00% 0.00% 0.00% 6.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-03-14 0.00% 2.00% 2.00% 2.00% 2.00% 46.00% 2.00% 2.00% 2.00% 40.00%
2021-03-21 0.00% 2.00% 14.00% 2.00% 70.00% 4.00% 2.00% 2.00% 2.00% 2.00%
2021-03-28 0.00% 4.00% 8.00% 2.00% 2.00% 74.00% 2.00% 2.00% 4.00% 2.00%

4.3.6 B/mAnvIzaNNgaLuUNguauna (Particle Swarm Optimization -

PSO)

N15MNUANITINLA0T VY ITNIANMUITANTI gALUUNA UBUAIA (Particle Swarm

Optimization - PSO) fs1eaztdenuanslunisned 4.11

A19199 4.11 31913lee3Ues Particle Swarm Optimization

Fanrsfimas ANRINEY A1
Objective Wﬂﬁﬁufmqﬂizmﬁ Sharpe ratio
function
Risk free rate é’mmaﬂLﬁaﬂ'ﬁﬁmﬂmwmﬁm 2%
n_particles UIUBUNA 100
n_iterations Puauseulunsiseus 100

a 5 o | v I (% (% ¢ a
INH1519N 4.11 uuuqlﬂqﬂ']3‘1/i’]ﬂ7’e](§1i’]ﬁ’)‘lﬂﬂﬂ'ﬁﬁﬂ‘1/lﬂﬁﬁﬂ‘VﬁWEJVI‘Ll’]aQV]UﬂQﬁ@ 10

LY

UAULSN Laedisieazdunkandlunisen 4.12
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M19197 4.12 fegednsidnlunmsamundnningiuinamueadan 10 susuwsndmivusaz

&Unwi Tugaed 2021 (ledamesuuu Particle Swarm Optimization)

Date weights_1  weights_2  weights_3  weights_4  weights_5 weights_6 weights_7  weights_8  weights_9 weights_10
2021-01-17 42.85% 0.00% 0.00% 57.15% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
2021-01-24 10.14% 0.00% 0.00% 0.00% 0.00% 89.86% 0.00% 0.00% 0.00% 0.00%
2021-01-31 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 100.00% 0.00% 0.00%
2021-02-07 7.88% T7.77% 15.63% 2.18% 7.11% 23.51% 4.34% 18.17% 9.42% 4.01%
2021-02-14 20.14% 19.23% 0.65% 11.15% 0.00% 16.61% 19.59% 6.14% 1.11% 5.37%
2021-02-21 19.45% 17.15% 8.12% 0.32% 13.43% 2.98% 9.18% 2.17% 9.71% 17.49%
2021-02-28 3.90% 20.55% 23.07% 7.70% 13.70% 0.71% 5.58% 6.96% 11.53% 6.29%
2021-03-07 17.26% 3.89% 13.23% 9.44% 17.91% 4.45% 0.61% 3.45% 20.65% 9.10%
2021-03-14 3.78% 18.88% 15.35% 0.00% 1.33% 24.65% 6.43% 11.76% 12.53% 5.28%
2021-03-21 10.36% 10.40% 16.82% 5.27% 18.54% 6.56% 6.40% 19.31% 4.01% 2.32%
2021-03-28 5.74% 0.00% 0.00% 0.00% 0.00% 47.10% 0.00% 47.10% 0.00% 0.06%

[ -4 a . .
4.4 naawsiazn138aUs18 (Results and Discussion)

N3 3AUTEANEAINAIEN159180INAIANENNSNEANNTTTRV8T8EUA MvuATeN
TAUaveriuyiMsgaevesdunmneuninuas e nsimUavesiugnvneyasdunv e

aeslunaiandnnsnglng dUanviusn waznisasuluddavisen lU asiudunieanas

e

Fuagiuwanisamuresduavinou tnsuvuinaeinsgulald (Random Forest) fiudayayn
7l (7) Keyword & Indicators & MACD azfAnidanvannindiurasmugaan 10 Suduusn
usnand lﬁLLUqﬂWis‘z?yaﬂJﬂaiuLLsiazﬂLLaznﬂTJﬁL?mﬁwﬁ”aaL‘3u 10,000 vty 2021 way
gardlulunisamundnnindazg nuTuaitun agdUnvia1eusas Algorithm lag
Usgdngamgnivualagesiduinaneuunusiel (Haseuwnusiluusazduniilune 1
U) uay Sharpe Ratio HaaWsu84n133ANasnanulag Equity Investment, SLSQP, Risk
Parity Optimization, Genetic Algorithm, Ant Colony Optimization &g Particle Swarm
Optimization gnimniTeurieulugui .13 dsliimeasideaifeniuuszansamnisda

NOTAUANNSNI NN ZAUBAZNAADULNUSINUTZINT 2021
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A5199 4.13 USEANSAINNITIANDSANANNSNENAUNILAULALNANDULNUTINUTEINT 2021

Algorithm Annualized Annualized Risk free Standard Sharpe Ratio
Return Return (%) rate Deviation

Equity Investment 113K 1132% 2% 2% 483

SLSQP 196K 1960% 2% 8% 232

Risk Parity 130K 1300% 2% 6% 224
Optimization

Genetic Algorithm 115K 1149% 2% 2% 466

Ant Colony 178K 1777% 2% 7% 251
Optimization

Particle Swarm 101K 1008% 2% 4% 267

Optimization

Equity Investment Uag Genetic Algorithm Hudsale Sharpe Ratio qaqmagjﬁ 483
LA 466 gauInnin Algorithm 81 9 91 2 131 1ngAn Sharpe Ratio §4g9vaEAIININ
NAnBULMLE LRI UKIUs Fsdenadpatudn Standard Deviation flagil 2% visd uas
N3 Algorithm 81 9 2-4 Wi

SLSQP wag Ant Colony Optimization Lﬂuﬁﬁﬁié’wamauLmuqﬂﬁq@a&ﬁ 196,000
UM Way 178,000 U1 AL 2InIRUganu 10,000 U udunanouunu 19 wag 18
WNYaIdUNU LagAl Sharpe Ratio agﬂiﬁl 232 uag 251 mud1du tnefiAn Sharpe Ratio v
ﬁgﬂaaﬂ Algorithm i dlewiaudu Equity Investment wag Genetic Algorithm mmmfum
NNANNRUHILTDSHARBULNUTIGIDET 8% LAz 7% AINdIRU

Particle Swarm Optimization 19 u3 5% 1a' A1 Sharpe ratio idugudu 3 vas
algorithm fanualun1snnassileg 267 lnefinanouunuegd 101,000 v %30 10 Wi
yeaiuamu willanuiuniuyesranauunuegi 4% Feunnda Equity Investment wag
Genetic Algorithm agj 2 171

Risk Parity Optimization Juislananauunudususu 3 ves Algorithm Misviualu

'
o

miwmaaﬁagj‘ﬁ' 130,000 U %30 13 Wi1vesiuu uaxile1 Sharpe ratio ag#l 224 T
flanidloifivunu algorithm 3u q Tunsveaesil awguaNeURLEITHARDULTLEET
6%

ndeyadnafu anunsadasuduniy Sharpe ratio uay nanouwn sl Sndudy
P8R Sharpe ratio: Equity Investment, Genetic Algorithm, Particle Swarm Optimization,
Ant Colony Optimization, SLSQP Wag Risk Parity Optimization agd A UM UM ¢

NAFBDULLNU:
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SLSQP, Ant Colony Optimization, Risk Parity Optimization, Equity Investment, Genetic

Algorithm W@ Particle Swarm Optimization
1nmssraesnsdanedandnnindamulull 2021 du §3douurin 4 Algorithm

nan 9 Av Equity Investment Wag Genetic Algorithm Ei’m%’m’ﬁamuﬁt,ﬁummL?{awi"’]

ey SLSQP uag Ant Colony Optimization dwfunisasuiteensunnudedlegs
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unii 5
dsduazanusnena

unilagnanisagluazeiusenaidslunsall lnawllemluuniivsenoumeiitendn
e ajuukavafusena (Conclusions) uae Tadnfnuaznisvinaulueuian (Limitation and

Future Work)

5.1 d@guuazaiusiena (Conclusions)
evenglariansiuaNImeinulunwiIdendegineiiunisdanesanisamu
v 2 Y] v ¢ o s A = v a v
prgnsiienvianning unautiingUussasdiine (1) Anwkazseydademieitesiuns
AALEONUANNINEAMTUNDIANITAMU (2) NAUIMUINIINITTANDIANITAINUAIMTULN
291 U18898 (3) Useiliuma1uaiuisnlunisninn)salvo i uudIgainisaInn1saini s

[

i oulmaeandnuinslagldmdidyilndifesanyadoyaradn (1) MTamada
(technical indicators), (2) 611 739 Moving Average Convergence Divergence (MACD
indicators), (3) ArAulu Google Trends (Keyword), (4) Indicators & MACD, (5) Keyword &
Indicators, (6) Keyword & MACD, waz (7) Keyword & Indicators & MACD)] (4) 1U3suifieu
UsganSA1nv09luUdI1a99521113 Logistic Regression, Random Forest, Wag Extreme
Gradient Boosting (XGBoost) was  (5) 1USsuileulszansnmnismensiaiufivansauss
Famasniiivunzan (Portfolio Optimization) 583319 11589 UWUUI LT B3, Sequential
Least SQuares Programming algorithm (SLSQP), Risk Parity Optimization (RPO), Genetic
Algorithm (GA), Ant Colony Optimization (ACO), Wag Particle Swarm Optimization (PSO)
ﬁwmﬂ%’mﬁﬁauiﬂauﬂ%q (Machine Learning) wagidsmmeaiia (technical indicators)
AurA1AUly Google Trends (Keyword) WUUT189INITAIANAITURGANT WY LAy NI1TN)
Sasrdnflmnzausadanedn auedgnadidu dhusdesivesniaiouivenndos
(Machine Learning) sngmsifienudnmsng uazsnsidiuiivanzas smiAdeiannsoagUld
Maneusens

UszNI5HIN AULLUEIUN1TYUI8989uUUTIa0e Logistic Regression, Random
Forest uay XGBoost lA3un1suszifiud ssdulnsldyadoyaiiayaiinanisdraduuas
Wsuifleufuisanuuuusiaesiin ROC-AUC geamwinfulugadosa Keyword & Indicators

'
1 (% A

& MACD aansaldyatayasiuduiiiavianudilawuliunisdunindumesidauas

Y '
Yaa <= =

BUNTUIAMNINITRULABY BeazthludnsinTeinanynsndiuduggagu
Uszmsfiaes 35n15i5euivedaies (Machine Learning) aisgnldiduuuudiaes

WguguiiaUsesiuUse@nSnnnnsyinunenlenisiimesuan: ROC curves, NSNAEaU
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o

nsamuieundalseinl wag Mmegeudounaingmnisiu dmsu ROC curves LiifiAay
1 A o 1 a a . . & (J A
LANANNYALIUTTUINUTLANTNINUDY Machine Learning 114 3 WUUI18DY Turueg
UsednSanuas XGBoost Anantuilasiguinanauwnumal (Annualized Return) waz
Random Forest fiUasigusin1sidonnanning i uszaunamudisa (Success Prediction
Rate) g9gn lneXGBoost dinanauwnuadvgandiol luan1un1saiings Random Forests 3
gnsAudsaduaan lnganzeg1aadugasings COVID-19 XGBoost lasunisiaa
Y 1 a 3 3 = v w ea o & = = &
wainfiwesiwudnisidenvannindnuszaunnudnialaendvatan lnsasy nsfinwilagy
lad1n15Useiunisnaaaunisamudeundslsednd deumangaulunisidisuiisy
UsgAnin1mvueeis Machine Learning 111171 ROC curves N1SNAABUNITAINUEBUNS
Uszdl annsaniumgnisalasslunaaannindiinnuiuudnaesiumsUisuiieula
Usznsfiany mamdasdwiuanvaulunisdanesndunssuiunsiidudounas
Juadiuvatedade 1y TngUssasAn1samu seRuaUdesigausu s1Aveavanning
wazdoyanaindu ¢ laensmensdiuiimuzaunenisdanesadunszuiunisiifes
ATIUNITAEAINTOUABURAENNTILATIZOEDIIU 1o Equity Investment lag Genetic
Algorithm uansliiiulngnsraulunisamuresmannsndiunszatedunluog1ann Janns
nsga1ensasuildemalyiniukuriulunisamuas Tuvaegdl SLSOP wag Ant Colony
. . b Y 1 [ 1 [ % 6 o’j v d' (% [ 6
Optimization wanalvini1dnsidulunisasmuvemanninduuduluinannsngle
nannsngnile Gadwaliaruduniulunisamue uasnanausnuiganuiu Ay
°o = [ ! Y & Y ac g v v v t4
AMUELSIVRINIIMER T WA MazauT uag A udanes ud lhazn1sUTuduUsAos
f91sanedsseunsuieilinaansvIIzaNd mIuN1sInne e
418 HadNSINTUNBUNIITVINIUIENUIT Random Forest taz XGBoost Nauae
= v |3 @ U [ ! -Ql' Y% 5]
willaunuke A gaunna 19y Tureiaainduniwdiunana luna Random Forest &
Uszdnsamdnia XGBoost lundvesdnsinnudniaedsuasnanavwnuadesed og1dlsh
M3 XGBoost ¥ ulaa T ueg19u1nlug 19N Aa19 8 AUNURINGININ 1Y N1TTEUIAYDY

o

COVID-19 dane3fiudanuainsalunisseynannindnddnenmlunisiivlavessanadly

(%

DUIAR LUUI1a0IT TN UUT1a99 Random Forest 114a@09871u (Fn51A10d L5 At0AY

LATNARDULNURAYABY)

5.2 4a3anakazn1sn1uluauinan (Limitation and Future Work)

e Y [

v = & vy a8 = o @ ¢ 2 ° &
widnsAnwiagliteyaidinmiduusslovid uwinfivedninuiedsen1s Tuusn i1
a L3 £ [ [y & v T = & 1 o <
gdasizianizdeyavanninglnewintu awly #aannsnwienakigninliasuidu
AnsdmiuiasegiakarUseimadus Usensiaes 19yateya Keyword & Indicators &

=< o

MACD Litafia15aun31 keyword Tawunzauiunseuianinvun feiudesnduee19d9
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axfosduian keyword Tnsluazasivdeunnuduiussynitanisindeulmvemdnndnduas
keyword luthanansneg Ussmsiiann nsenwildiansadulsansanduiusvoaiios
&u () lemanuduiusseninamdnninduas keyword luswian auidunisininfiazaeis
MsAne nsiesizinnudesti (Sentiment Analysis) Wervupauduiusianzues
keyword 7§i8nSnanendnnineurazia Uszn1sia nsusumsfiwesimnsaudmnsy
Algorithm Optimization 1l evdnsdulunisasuiAfigaiieasramesnlialefifan
wesolrialoaravhenlftuuasitulassn Ysenisanine esannsfnmnilalldamaaey
gmﬁmmi?ga/maﬁLmzﬁ’]ﬁm%’wé’ﬂm%fwémiazé’ﬂmmazé’ﬂmﬁ a;méf@ms%a/smaﬁl,mzﬁﬁm
annsafiunanilsldodneiiuseansamanniy

asUudr meideluemeneslinisinneinindesiu (Sentiment Analysis) d113u
keyword s1enannsng asiadeun1susudanasiialmvansandmsunisidennesaliale

wazAsAilaDRndinge/ iUzl luldazdUay
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Abstract: Machine learning for stock market prediction has recently been popular for identifying
stock selection strategies and providing marketinsights. In this study, we adopted machine learning
algorithms to analyze technical indicators, and Google Trends search terms based on the Thai stock
market. This study uses three datasets, which are technical indicators, Google Trends search terms,
and a combination of the two. The objectives were to study and identify the factors in stock selection,
develop and evaluate portfolio selection models using keyword proxies from the three datasets
mentioned, and compare the performance of the selected algorithms. In the prediction process, we
discovered that the combination of technical indicators and Google Trends search terms while ap-
plying Logistic Regression, Random Forest, and Extreme Gradient Boosting (XGBoost) exhibited
the highest ROC curves. For success prediction rate and annualized return, Random Forest and
XGBoost were almost similar but still different. While XGBoost performs well during a period of
market critical conditions (COVID-19), Random Forest performs marginally better than XGBoost
during normal market conditions in terms of average success rate.

Keywords: stocks; Google Trends; machine learning

1. Introduction

Aninefficient market is observed when the price of a security at a given point in time
does not represent the whole worth of the asset in the stock market. This might be due to
investor decision-making behaviors that cannot be predicted using existing data and in-
dicators. It would be beneficial if analysts and investors could grasp the link between var-
iables that cause different market phenomena such as trade volume, online search trends,
and investor behaviors. The study and comprehension of these variables will be essential
for modeling to more accurately predict the trading behaviors of investors and market
movements.

In the context of the investment market, irrational investor behavior can take various
forms. One of the examples is investors who are exiting the market out of fear of a poten-
tial market downturn. Future asset price fluctuations and the outlook for the market as a
whole are influenced by behavior patterns. To date, prior studies have investigated issues
related to modeling and stock prediction by understanding human behaviors and their
impacts on the stock markets. Economic and technical indicators, market information,
headline news, and online search terms were incorporated into these research studies
(Antonio Agudelo Aguirre et al. 2020; Atkins et al. 2018; Chen et al. 2020; Dash and Dash
2016; Huang et al. 2019; Li et al. 2014; Papadamou et al. 2022; Poutachidou and Pa-
padamou 2021; Teixeira and de Oliveira 2010; Yu et al. 2013). Most of the mentioned
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indicators were proven to be helpful in predicting the total price of shares or securities.
However, relatively few efforts are made to forecast the price per security or price per
share, especially in low- and middle-income country settings.

In a related study, Teixeira and de Oliveira (2010) combined technical indicators,
such as Simple Moving Average (SMA), Relative Strength Index (RSI), Stochastic Oscilla-
tor K, Stochastic Oscillator D, and Bollinger bands together with the K-Nearest Neighbor
Algorithm (KNN) to create a prediction model. This study concluded that the method
outperformed the buy-and-hold strategy for 12 out of the 15 Brazil equities taken into
account in the studies when we compare the outcomes to those. As a result, this study
agreed that it is possible to use this method to forecast actual short-term stock trends.

Another study by Dash and Dash (2016) in India using technical indicators, but com-
bined with machine learning, was tested in the S&P 500 and BSE SENSEX contexts.
Among the many modeling methodologies, the Artificial Neural Network (ANN) gener-
ated the largest returns, with rises of 34.42% and 42.58% in the BSE SENSEX and S&P 500,
respectively.

Scholars also tried to leverage unstructured qualitative data to predict stock prices
and returns in capital markets. Li et al. (2014) adapted the headline news, blogs, and fi-
nancial discussion board coupled with the Support Vector Regression (SVR). The study
concluded that the impact of the media on companies varied by the nature of the infor-
mation. The fundamentals of an article, such as company-specific news, can enhance in-
vestors’ knowledge. Public sentiment can cause volatility in the mood of investors and
interferes with investor decision-making. On the other hand, Atkins et al. (2018) combined
two types of information, news from Reuters USA and financial data on Yahoo Finance
incorporated into the Latent Dirichlet Allocation. This study concluded that news data
influence volatility forecasts better than stock market closing prices forecasts.

The review of stock market forecasting processes conducted by Bustos and Pomares-
Quimbaya (2020) shed light on the overall process of forecasting stock market movements
using machine learning (ML), deep learning, text mining, and clustering techniques to
create an investment model. These techniques, used as investors’ strategy planning and
decision-making tools, tend to perform better than traditional trading strategies. Evi-
dently, Huang et al. (2019) investigated the effectiveness of stock prediction models for
the S&P 500 Index with Google Trends, Support Vector Machine (SVM), Ridge Regression,
Lasso Regression, and Elastic-Net Regression. With 63.75% accuracy, the top-performing
model was Ridge Regression with selection factor moditying VAR model. Papadamou et
al. (2022) examined the connections between investor sentiment, as represented by Google
Trends, and stock market return, volatility, and liquidity in the setting of cannabis indus-
try stocks. Extending the three-factor Fama-French model, returns on cannabis stocks and
liquidity are statistically positively correlated. Augmented investor interest increases re-
turns. On the U.S. stock exchange, another study by Poutachidou and Papadamou (2021)
concluded that there is a positive correlation between returns on stock market indices and
increased investor attention on the U.S. Quantitative Easing policy, as measured by
Google Metrics, which suggests that investor attention on QE seems to reduce volatility
in the stock market and increase stock returns.

With that, there are gaps in academic research, as only few papers investigate the
effectiveness of the application of machine learning approaches to not only forecast stock
performance but also automate portfolio selection for higher returns and better invest-
ment decisions. Moreover, selecting the “right” securities to invest requires specific skill
sets and experience as a number of criteria must be examined and a large amount of data
must be analyzed while selecting securities. Hence, our focus is to leverage the use of
machine learning techniques, namely Logistic Regression, Random Forest, and Extreme
Gradient Boosting (XGBoost), in selecting investment securities based on three datasets:
(1) technical indicators, (2) Google Trends search terms, and (3) the combination of the
aforementioned. We sought to (1) study and identify the relevant factors in selecting se-
curities for the investment portfolio, (2) develop a portfolio formation approach for
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individual investors, (3) evaluate the predictive capabilities of stock movement forecast-
ing models using keywords proxied from the three datasets above, and (4) compare the
model performance between Logistic Regression, Random Forest, and Extreme Gradient
Boosting (XGBoost).

The selected technical indicators indicate three characteristics. First is trend direction,
namely (1) Simple Moving Average (SMA) used under normal market conditions, (2)
Weighted Moving Average (WMA) used under unusual volatile market conditions, (3)
Exponential Moving Average (EMA) suitable for analysis that need to prioritize the latest
data. Second is reliability, namely (1) Moving Average Convergence Divergence (MACD),
which provides information on both trend and momentum of the stock prices, and (2)
Relative Strength Index (RSI), used to determine the probability of a trend reversal. Third
is momentum, represented by Stochastic Oscillators K and D to compare the closing price
with arange of prices for a given period of time (Bhargavi et al. 2017; Bustos and Pomares-
Quimbaya 2020; Perry 2011; Praekhaow 2010; Vaidya 2018).

The Google Trends search dataset determines the popularity of keywords online such
as product names, personal names, or possibly website names. Google Trends is created
for users who rely on or benefit from trends, whether they are marketers or owners of
online stores or even those who wish to start their own blog or vlog but are unsure of what
to sell or how to determine the most frequently searched terms each day or month. Addi-
tionally, it aids in the development of marketing strategies and the gradual development
of a business plan. In finance, Huang et al. (2019) discovered that the numerous directional
movements of the S&P 500 vary in search volume based on the individual phrases
searched for and, by extension, the sense of the word.

For forecasting models, the three machine learning models are applied in this study:
Logistic Regression, Random Forest, and Extreme Gradient Boost (XGBoost). These ap-
proaches are used as comparison models to evaluate the prediction accuracy between the
mentioned three datasets. The key measures used to compare the performance of the mod-
els include Receiver Operating Characteristic curves (ROC curves) and annualized and
crisis backtest financial evaluations.

This study consists of (1) an introduction to explain the background and rationale of
this study, (2) the methodology of research discussing the process and relevant theories
used in this study, (3) the results and discussion to show the reflection from forecasting
model performance and evaluations, and ends with (4) conclusions, limitations, and fu-
ture workflow.

2. Methodology

Based on a machine learning algorithm, we constructed a generic common system,
which aims to compare the effectiveness of stock forecasting models proxied by technical
indicators, keywords from Google Trends, and a combination of both. According to Fig-
ure 1, this system is divided into four modules: dataset, data preprocessing, modelling,
and evaluation. The details are as follows.

68



Int. ]. Financial Stud. 2023, 11, 5

4 of 22

Dataset Data Preprocessing Modelling Evaluation

Stock Market Data H Technical Indicators }—

Evaluation

Market-Indicators-Keyword Model Training
Mapping

Keyword |
I
(Internet Search) T Keyvrord:Selaction

1
I
1
1
1
1
' |
! 1
T 1
! 1
! 1
! 1

.-----------zE______________

Figure 1. Generic common system components diagram.

2.1. Study Design

We would like to clarify that this study examines the price movement of the top 100
indices of the Stock Exchange of Thailand (SET100). WHA corporation is the example in-
dex in which we randomly pick from SET100.

For the stock price prediction, this study focuses on (1) the stock market data or tech-
nical indicators and (2) related keywords based on internet search.

As described above, the datasets come from two sources in the Thai stock market
from 1 January 2017 to 31 December 2021:

1. Yahoo Finance (stock market data)—weekly stock prices and trading volumes for
stocks in SET100.

2. Google Trends (keywords: internet search)—weekly search data for 484 specific
terms which are commonly mentioned by the public on the internet. The selection of
internet search terms are also based on the research by Preis et al. (2013) and the
websites of Finnomena, SET, Krungsri, Encyclopedia, and stock2morrow.

Then, we processed the mentioned data to create technical indicators and ranked the
top 20 keywords per each index which have both positive and negative correlations. The
results from this data processing were used in the model creation.

2.2, Dataset

The data used in this study are structured data types, which are organized in a tabu-
lar format with definable columns. This layout enables easy access to information and
simple or uncomplicated searching, without requiring additional work. We collected the
data from two sources: the stock market and specific keyword searches.

2.2.1. Stock Market Data

Regarding stock market data, this information is public information available for
download from the Stock Exchange’s website, which includes the following:

e The opening price is the first price of any listed stock at the start of a trading day.

e  Thehigh and low values represent the stock’s highest and lowest prices on that par-
ticular day. Generally, traders utilize these statistics to determine the volatility of a
stock.

e  The closing price is the price of the stock at the close of the trading day.

e The adjusted close price is regarded as the genuine price of that stock, as it reflects
the stock’s worth after dividends are distributed.
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Stock prices are influenced by many factors and are often considered as one of the
indicators to study market behaviors. As a result, using securities prices to study technical
indicators improves the efficiency through which we can comprehend market behavior.
The Stock Exchange of Thailand (SET100) data are collected weekly from Yahoo Finance.
Examples of the daily historical stock prices and volumes collected from SET100 are
shown in Table 1 for “WHA Corporation Public Company Limited” (WHA) stock.

Table 1. Examples of securities information of WHA Corporation Public Company Limited (WHA).

Date High Low Open Close Volume Adj Close Symbol
4 January 2017 3 2.96 2.96 2.98 25,413,400 2.378223 WHA
5 January 2017 3.04 2.98 g 3.02 82,795,000 2410144 WHA
6 January 2017 3.04 3 3.02 3.02 48,678,800 2410144 WHA
9 January 2017 31 3.02 3.02 3.08 1.52 x108 2.458028 WHA
10 January 2017 3.12 3.04 31 3.04 90,063,300 2.426106 WHA
11 January 2017 31 3.06 3.08 3.06 74,300,900 2.442067 WHA
12 January 2017 5.2 3% i 3.16 355 x 108 2.521873 WHA
16 January 2017 3.26 318 3.26 3.24 90,585,100 2.585719 WHA
17 January 2017 3.26 318 3.24 32 83,648,500 2.553796 WHA
18 January 2017 324 3.18 3.22 B2 53,264,600 2.553796 WHA

2.2.2. Keywords (Internet Search)

The term “keywords” in this research refers to the terms used by investors to com-
municate in the securities investing sector, as well as the terms used by internet users to
search for information on securities. This study consists of 484 keywords. There are eight
categories according to research (Preis et al. 2013) and sources such as the Finnomena,
SET, Krungsri, Encyclopedia website, and stock2morrow; these are basic investment
terms, industry groups, stock names, trading methods, global search, popular words, id-
iom, and yearly search terms. The examples and definitions of keywords are exhibited in
Table 2.

Table 2. Keyword examples.

Keywords
Type Keyword Definition
Price-to-Earnings (P/E) Ratio: The ratio for valuing a company that
Basic Investment Term P/E measures its current share price relative to its earnings per share
(EPS)
B ot Teril, PBV Price to Bc?ok Va}ue Ratio (P/BV): The market’s valuation of a com-
pany relative to its book value
BasBi s ol Torm EPS Earnings Per Sh.are (EPS): Ce?l.culated as a company’s profit divided
by the outstanding shares of its common stock
Industry Group Agribusiness Agribusiness
Industry Group Food and Beverage Food and beverage
Industry Group Insurance Insurance
Stock Name ADVANC Advanced Info Service PCL (ADVANC.BKK)
Stock Name BBL Bangkok Bank PCL (BBL.BKK)
Stock Name CPN Central Pattana PCL (CPN.BKK)
Trading Method Technical A trading strategy that primarily relies on technical indicators
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A trading strategy that is often informed by technical analysis of

Trading Method Day Trade price movements and requires a high degree of self-discipline and
objectivity
. . A trading strategy that focuses on taking smaller gains in short term
Lradig, Viedid S Lrade trends and cutting losses quicker
Global Search Economics Economics
Global Search Politics Politics
Global Search Conflict Conflict
oM .
Popular Word (Kong) Mutual fund
Popular Word (Il’]Z;) Broker
wN
Popular Word Foreign investor
F (Rang) g
. aly 1
Idiom (Latnyai) Profit
Idi fogno Buy stock(s) right before the stock’s pri d
iom (Sue Mawal) uy stock(s) right before the s s price goes down
. PNNY ; Py
Idiom (Khai Mu) Sale stock(s) right before the stock’s price moves up
Yearly Search Term (KhonT::IﬂGTmeng) Thailand’s government COVID-19 financial relief campaign
1ai0-19 ) : ! :
e erm n infectious disease e - - 15
Yearly Search T (COVID-19) An infectious disease caused by the SARS-CoV-2 virt
SudouTey A'AY . > N .
Yearly Search Term (Chim Chop Chai) Thailand’s government COVID-19 financial relief campaign

Google Trends is a website of Google that was created to help determine the popu-
larity of keywords online such as product names, personal names, or possibly website
names. Users can view the popularity of these keywords by place, whether global, na-
tional, or provincial, and can also view daily popular trends (Huang et al. 2019; Nishimura
and Acoba 2022; Papadamou et al. 2022; Poutachidou and Papadamou 2021; Sycinska-
Dziarnowska et al. 2022; Tudor 2022). It is designed to even examine the keyword’s pop-
ularity over time to determine potential development prospects. Google Trends is created
for users who rely on or benefit from trends, whether they are marketers or owners of
online stores or even those who wish to start their own blog or vlog but are unsure of what
to sell, or how to determine the most frequently searched terms each day or month. Ad-
ditionally, it aids in the development of marketing strategies and the gradual develop-
ment of a business plan. In finance, Huang et al. (2019) discovered that the numerous
directional movements of the S&P 500 vary in search volume based on the individual
phrases searched for and, by extension, the sense of the word.

Google Trends normalizes its search data in order to make word comparisons easier.
The following process normalizes the search results according to the time and location of
the search query. Each data point is split by the total number of search locations and the
time period over which the relative popularity is being compared. Otherwise, the location
with the greatest amount of traffic is always ranked first. The result number is then scaled
from 0 to 100 as a percentage of all searches across topics, areas exhibiting the same search
interest for a term (Huang et al. 2019; Nishimura and Acoba 2022; Papadamou et al. 2022;
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Poutachidou and Papadamou 2021; Sycinska-Dziarnowska et al. 2022; Tudor 2022). Table
3 illustrates the examples of popular words that the public used to search on Google
ranked in Google Trends during 2017-2021 in Thailand.

Table 3. Google Trends search terms for each word in Thailand.

Date

Debt

Color Stocks  Restaurant Portfolio  Inflation Housing Dow Jones

1January 2017
8 January 2017
15 January 2017
22 January 2017
29 January 2017
5 February 2017

3

37
12
34

21 17 60 30 17 11 3
31 32 51 29 24 7 11
39 25 43 36 15 9
41 42 43 38 24 32
29 20 50 41 38 17
38 21 51 25 55 30

o 0 Vv o

2.3. Data Preprocessing

The data processing is divided into two sections: (1) technical indicators and (2) key-
word selection. The technical indicators in the stock market refer to mathematical formu-
las based on the changes and direction of the market, such as prices and volumes. For
keyword selection, the authors chose to study the search terms used by investors in the
stock market, as well as the terms used by internet users to search for relevant information
on securities.

2.3.1. Technical Indicators

In general, technical indicators are studied and plotted on charts to assist in provid-
ing directional information about a security’s price. When the indices are used on a graph,
they are displayed as lines, and the values are displayed between those lines alongside
the price in order to determine the next likely direction of movement.

Technical indicators can be used to infer the behavior or trends of a time series and
can be used to forecast the price of securities (Alfonso and Ramirez 2020; Anghel 2015;
Basak et al. 2019; Bhargavi et al. 2017; Bustos and Pomares-Quimbaya 2020; Dash and
Dash 2016; Perry 2011; Praekhaow 2010; Vaidya 2018). This study demonstrates how tech-
niques can perform a summary rather than the full time series of securities prices, which
simplifies machine learning. The technical indicators used in the forecasting model are as
shown in Table 4.

Table 4. Technical indicators and formulas.

Technical Indicators Formula

Simple Moving Average (SMA)

CgtCodt Cro +.+Cing

n

Weighted Moving Average (WMA)

@CH@IXC IFrCy g

(@)yH(a-1)+.+1
Exponential Moving Average (EMA) o€y H10)Cp; +(1-0) Cpp+ 4 #(10) 2C i + (1) ™ TEMA oy
Moving Average Convergence Divergence (MACD) EMAL2 - EMA26,
» 100
Relative Strength Index (RSI) [ n-1 ] [n-l }
1+ T UP;/m |/| ¥ DW;/m
i=0 i=0
Ct-Lta
Stochastic Oscillator K (K) ————x100

Hipn-Lig
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zn=1 K
. . t=0 "t
Stochastic Oscillator D (D) e

n

Note: C; is the closing price, Lt is the low price, Ht is the high price at time t, a is a smoothing
factor, Lt and Ht¢ mean lowest low and highest high in the last t days, respectively. UP; means up-
ward price change, while DW; is the downward price change at time t.

The Moving Average (MA) is a technical indicator that indicates the average trend
over a specified time period by smoothing and filtering various abnormal signals and
moving averages formed by using average closing prices over a specified time period.

Simple Moving Average (SMA)

This mean is appropriate in normal-volatility situations in a time series to help data
analysts better interpret the patterns and contexts of stock market conditions (Perry 2011).

Weighted Moving Average (WMA)

This mean is appropriate in high-volatility situations in a time series to help data
analysts better interpret the patterns and contexts of historical trends (Perry 2011).

Exponential Moving Average (EMA)

This average prioritizes the latest data. Therefore, it responds to price changes faster
than a simple moving average (Bustos and Pomares-Quimbaya 2020; Praekhaow 2010).
Moving Average Convergence Divergence (MACD)

MACD indicates a trend that has the idea of drawing two moving averages at the
same time and then analyzing the nature of the two moving averages. The special inter-
esting point of MACD is that it is an indicator that can provide two pieces of information:
the simultaneous view is the trend direction of the stock price (trend) and the momentum
of the share price (momentum). The standard MACD is the 12-period EMA subtracted by
the 26-period EMA (Alfonso and Ramirez 2020; Anghel 2015; Bustos and Pomares-
Quimbaya 2020; Dash and Dash 2016).

The Relative Strength Index (RSI)

The Relative Strength Index (RSI) is a technical indicator that indicates whether an
asset is strong or weak in relation to its recent closing price. Additionally, it is used to
determine the probability of a trend reversal (Bhargavi et al. 2017).

The Stochastic Oscillator

The Stochastic Oscillator is a momentum technical indicator that is used to compare
closing prices over a specified time period to a range of prices. This oscillator is extremely
sensitive to market price changes. The indicator’s volatility can be smoothed somewhat
by changing the time interval being measured. The most frequently used stochastic oscil-
lators are Stochastic Oscillator K (K) and Stochastic Oscillator D (D) (Vaidya 2018). The K
line compares the lowest low and the highest high of a given period to define a price
range, then displays the last closing price as a percentage of this range. The D line is a
moving average of K.

2.3.2. Keyword Selection

This is the selection of factors that affect each security. The factors mentioned are
internet search keywords and the Pearson Correlation Coefficient (r) in Equation (1). The
top 20 keywords, both positive and negative correlations, are selected for each security.
The top 20 keywords, both positive and negative, of WHA Corporation Public Company
Limited are shown in Table 5.

n(Zxy)- Ex)(Zy)
—
Tl 0 Ly’ (9]

@)

where
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Iy Pearson Correlation Coefficient between variables x and y.
2 x : The sum of the measured data from variable x.
¥ y : The sum of the measured data from variable y.
> xy : The sum of product of the variables x and y.
ZXZ : The sum of the squares of variable x.
Zy2 : The sum of the squares of variable y.
n : Number of data.
Table 5. Top 20 keywords of WHA Corporation Public Company Limited.

Symbol Positive Correlation Negative Correlation
WHA wha 0.2322 restaurant -0.2028
WHA sta 02262 major -0.1999
WHA tcap 0.2161 holiday -0.1818
WHA sawad 0.2066 fun -0.1771
WHA settrade 0.1885 un (kaek) -0.1693
WHA dow jones 0.1878 hybride -0.1671
WHA banpu 0.1851 food& beverage -0.1642
WHA tisco 0.1840 bec -0.1567
WHA toa 0.1832 Us=4ft) (bpra chai) -0.1511
WHA aot 0.1824 forex -0.1430
WHA bep 0.1822 short selling -0.1411
WHA hmpro 0.1766 water -0.1362
WHA Uaa (bpot) 0.1753 mbk -0.1340
WHA 1h 0.1724 thani -0.1339
WHA amata 0.1712 wnzwiy (bor nang) -0.1331
WHA bdms 0.1689 travel -0.1249
WHA cpf 0.1679 top -0.1224
WHA bbl 0.1672 ansn (dtok rot) -0.1218
WHA a5 (bor-ri-gaan) 0.1645 markets -0.1214
WHA cpn 0.1615 bts ~0.1198

Note: WA (kaek): Indorama Ventures PCL (IVL) stock, UseBY (bpra chai): TPI Polene PCL (TPIPL)
stock, WML (bor nang): Interhides PCL (IHL) stock, #N90 (dtok rot): about to buy the stock(s)

when the price is considerably low but then it goes up, Ua® (bpot): stock portfolio, USANT (bor-ri-
gaan): industry group service.

2.4. Modeling

Modeling is the relationship of data in various forms. Modeling in this study includes
the Classification Model, which is a supervised learning model to create a model that must
have variables used to measure the target as a starting point to learn. The goals of the
classification will be grouped or discrete such as yes/no, A/B/C, etc. Therefore, in evaluat-
ing the results obtained from the classification model, accuracy can be measured, e.g., with
a confusion matrix.
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The following types of modeling were used to predict the selection of securities in
this study. We chose Logistic Regression, Random Forest, and XGBoost because (1) the
three models were commonly used and cited in many relevant studies (Ananthakumar
and Sarkar 2017; Basak et al. 2019; Geurts et al. 2006; Ghatasheh 2014; Sadorsky 2021) and
(2) they can manage the imbalance data as also discussed (Le et al. 2022; Wang et al. 2022).

2.41. Logistic Regression

Logistic Regression is classified as a supervised learning model that is used to predict
the probability of occurrence of an event of interest from a dataset of appropriate inde-
pendent variables and algorithms based on mathematical equations. If breaking a Logistic
Regression follows the type of independent variables, it can be divided into two types:
Simple Logistic Regression, which has only one independent variable, and Multiple Lo-
gistic Regression, which has many independent variables. It is widely used in applications
such as predicting the likelihood of a customer incurring bad debt to a banking company
or predicting the likelihood of a customer migrating to a telephone network. This tech-
nique has also been used in applied marketing to discover market segmentation in order
to maximize the chance of campaign offers for each market category (Ananthakumar and
Sarkar 2017; Robles et al. 2008). Figure 2 depicts the approach for developing a Logistic
Regression model, with further information provided below.

e Use a dataset to create a simple linear regression or multiple linear regression de-
pending on the independent variables used in the type of work performed.

e Bring the regression equation to the Sigmoid function to adjust the value to be in the
range 0-1 because the regression equation can have values greater than 1 or less than
0.1t should be between 0 and 1 only, so this function has been implemented.

e By passing the sigmoid function, the probability of the event of interest is obtained.

H
L

Dépendant variabie (OV) _Indépendent vadabes (Vs)
Simple Multiple = A / N
Linear y =bg * by'x Linear y & by # b)fxt B,* X5+ st Xy

Regression Regression

—

10

Sigmold
Sigmoid Function /_—“‘Fi".-'?

<
*

Probability

Figure 2. Logistic Regression modeling process diagram.

2.42. Random Forest

Random Forest is a tree-based model composed of several decision trees. It is a pre-
dictive model based on the Wisdom of the Crowd technique. This is also referred to as the
Ensemble Technique and it is a type of Bootstrap Aggregation that is used to sample data
and then build a predictive model. In Random Forest, the random sampling with replace-
ment method is used so that the size of the new dataset is the same as the original dataset.
This modeling provides high accuracy and low variance, which is better than a single de-
cision tree but takes more complex calculations (Basak et al. 2019; Sadorsky 2021). There
is one study that applied this modeling to predict credit risk prediction and compared it
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with more than 10 other models (Ghatasheh 2014). The study found that Random Forest

generated the highest accuracy, sensitivity, and F-Measure. The main modeling processes

are shown in Figure 3 and are described below:

¢ In Random Forest, n number of random records are taken from the dataset having k
number of records (Bootstrapped Dataset).

¢ Individual decision trees are constructed for each sample.

e Each decision tree will generate an output.

e The final output is considered based on majority voting.

IIHHHHHHHII

Bootstrapped Bootstrapped Bootstrapped
Dataset Dataset Dataset

m———————

B ettty Majority Vote 28

Probability of Target

Figure 3. Random Forest modeling process diagram.

2.43. Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is a model classified as “Boosting”. It uses a
low-precision weak classifier to predict data and then uses the resulting weak classifier to
correct the error of the first created model. The predicted sum is a new classification that
is repeated over and over until the best model is obtained from the prediction sum. This
model employs the same ensemble technique as the Random Forest classification model.
However, the process of creation is clearly distinct. The strength of this model is that, in
comparison to other supervised models, it is capable of predicting data with extremely
complex and accurate data. It is widely used in both regression and classification prob-
lems. However, the computation and processing take a long time because the model is a
hierarchical operation, unlike Bootstrap Aggregation, which can run concurrently (Basak
et al. 2019; Geurts et al. 2006). The steps for creating the master model are shown in Figure
4, and the details are as follows.

Step 1: Identify the default criteria used for forecasting. The criteria are classified by
(1) probabilities: probabilities greater than or equal to 0.5 will be forecasted as “positive
class”, and probabilities less than 0.5 but greater than 0 will be forecasted as “negative
class”; and by (2) types of targets.

Step 2: Calculate the residual from the actual conversion of the forecasted variable by
setting the positive class to 1 and negative class to 0. Then, subtract the true value of the
variable from the criteria obtained in Step 1.

Step 3: Create the decision tree from all independent variables; this decision tree is
used to predict the residual from Step 2.

Step 4: Calculate the residual sum of all leaf nodes from the formula below.
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> Residual

Residual =
New * 5 (Previous Probability x (1 — Previous Probability)) + 4

Step 5: Combine the criteria obtained in Step 1 through the log odds function with
the threshold values created in Step 3 via the decision tree and utilize the learning rates as
a parameter to help tune the decision tree so that it does not overtit the data. When the
learning rates are between 0 and 1, we obtain a weak classifier.

Step 6: Recalculate the residual value from the weak classifier in Step 5 with all the
data calculated. Then, take the value of each data point through the Sigmoid function,
which will derive the probability of each of the data.

Step 7: Repeat Step 2 until the residual value is unchanged or reaches the specified
number of decision trees.

Data Decision Tree

-
Model = Threshold + (Learning Ratex B m )+
.

@ @
=
- .
Learning Rats + .+
(Learning Rate x - )
-
B
(Learning Rate - . )
amEme
aE me

Figure 4. Extreme Gradient Boosting (XGBoost) modeling process diagram.

2.5. Evaluation

Evaluation is an important tool for measuring the effectiveness of this research. The
tools used in the evaluation must be consistent with the measurements of performance. In
this study, we opted to use the Receiver Operating Characteristic curves as follows.

Receiver Operating Characteristic curves (ROC curves)

ROC curves are frequently used to assess the effectiveness of binary classification
algorithms. They display the performance of a classifier graphically, rather than as a single
value, as most other metrics do (Ananthakumar and Sarkar 2017; Basak et al. 2019; Bustos
and Pomares-Quimbaya 2020; Huang et al. 2019; Trifonova et al. 2014). The dependent
variable (Y) in this case is a qualitative variable, which can be divided into two cases: Y =
1 when the interesting event or test result is positive, and Y = 0 when the incident is ig-
nored, or the test result is negative.

The cut-off point is the point used to classify events into interesting and uninteresting
events. Comparisons between the forecast values and observations can be divided into 4
cases as shown in Table 6.

Table 6. Confusion matrix.

Actually Positive (1) Actually Negative (0)
Predicted Positive (1) True Positive (TP) False Positive (FP)

77



Int. ]. Financial Stud. 2023, 11, 5

13 of 22

Predicted Negative (0) False Negative (FN) True Negative (TN)

TP, TN, FP, and FN in the table is represented by the frequency values:

e A True Positive (TP) response is when what is predicted matches what is actually
happening. In the case of a prediction that is “true”, what happened is “true”.

e A True Negative answer (TN) is when what the prediction matches what happened.
In the event that the prediction is “not true”, what happened is “not true”.

e A False Positive (FP) is a prediction that does not match what happened, that is, a
prediction is “true”, but what happens is “not true”.

e  False Negative (FN) is a prediction that does not match what actually happened,
which is a prediction that something is “not true”, but what happens is “true”.

The True Positive Rate (TPR) is a measure of when what is predicted matches what
is actually happening with all true events (True Positive (TP) + False Negative (FN)), as
shown in Equation (2).

TPR=

@)
TP+FN
The False Positive Rate (EPR) is a measure of when whatis predicted does not match
what is happening with all false events (True Negative (IN) + False Positive (FP)), as
shown in Equation (3).

FP
FPR= 3)

TN+FP

Precision is the weighted average of positive and negative precision, while recall is
the weighted average of positive recall, as shown in Equations (4)—(7).

P
Precision, .. = —— 4)
positive TP+FP
TN
Precision = — (5)
negative oo
Recall 1 (©)
ec; e =——
positive TP+EN
TN
Recaunegative= TN+EP @
Accuracy and F1-score are estimated using Equations (8)—(9).
TP+TN
Accuracys——————— (8)
TP+FP+TN+FN
Precision*Recall
Fl-score =2* ——— )

Precision+Recall

ROC curves are plotted between TPR (Sensitivity) and FPR (1-Specificity) for all pos-
sible cut-off values. The y-axis represents TPR, while the x-axis represents FPR. At each
cut-off value, it separates the forecast results into two groups: the event where P(Y =1) is
greater than or equal to the cut-off point, and the event where P(Y =1) is less than the cut-
off point, where P(Y = 1) is the probability that the interesting event or test result is posi-
tive. The area under the ROC curve is an index used to indicate the accuracy or reliability
of amodel. The model with the greatest area under the ROC curve is the most accurate
model (Elizabeth et al. 1988)
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3. Results and Discussion
3.1. Performance on Dataset

The comparative data are grouped into three categories: (1) Technical Indicators, in-
cluding SMA, WMA, EMA, MACD, RS, K, and D; (2) Google Trends keywords; and (3)
Technical Indicators and Keywords. Additionally, machine learning data are divided into
three sets: Train and Test, which is 1 January 2017 through 30 May 2021 with an 80:20
ratio, and Unknown, which is 1 June 2021 to 31 December 2021. The unknown dataset is
used for the purpose of knowing the performance on unseen data.

Table 7 shows that during the data test process, the combination of Keywords and
Indicators outperforms other datasets in terms of accuracy, precision, recall, F1-score, and
ROC-AUC score. For unknown data, Random Forest and XGBoost models with Keywords
and Indicators also outperform other datasets. Specifically, Keywords and Indicators cou-
pled with Logistic Regression perform better when comparing Fl-score and ROC-AUC
scores.

Table 7. Performance on dataset.

Model Type Dataset Yest Dalnown
Accuracy Precision Recall F1-Score AUC  Accuracy Precision Recall F1-Score AUC
Logistic Re- Indicators 0.9699 0.9589 09699 09587  0.8457 09818 09739 09818 09745 0.8251
gressiof Keywords 0.9727 0.9664 09727 09653 - 0.8999  0.9840 09843 09840 09779  0.8880
Keywords and Indicators  0.9813 09794 09813 09790 0.9767 09834 09827 09834 0.9830 09733
Random For- Indicators 0.9694 0.9555 09694 09553  0.9348  0.9818 09638 09818 09727 0.9324
L Keywords 0.9727 09734~ 09727 09619 09120  0.9814 09717 09814 09737  0.9045
Keywords and Indicators  0.9734 0.9708 09734 09642 0.9645 09831 09833 09831 09758 0.9623
Indicators 0.9732 09674 09732 09681 0.9577 09818 09767 09818 09782  0.9499
XGBoost Keywords 0.9743 09694 09743 09682 09339  0.9850 09840 09850  0.9802  0.9456

Keywords and Indicators = 0.9823 0.9810 0.9823 0979 0.9787 0.9879 0.9871 0.9879  0.9855  0.9810

Overall, when comparing the predictive performance of the three datasets, the Key-
words and Indicators dataset has the highest Fl-score and ROC-AUC score across the
three models. We imply that the datasets can reveal online search trends and financial
time series that can lead to stock analysis. Therefore, Table 8 uses the Keywords and Indi-
cators dataset for further analysis.

Table 8. Performance for crisis.

% Success Model Win
Crisis Logistic Regression Random Forest XGBoost Model
QE 55.00% 85.00% 83.75% Random Forest
Controversy 51.11% 78.89% 65.56% Random Forest
Foreign Investors 45.00% 71.67% 63.33% Random Forest
MSCI 57.78% 86.67% 82.22% Random Forest
COVID-19 (1) 51.54% 73.85% 79.23% XGBoost
Protestation 65.56% 94 44% 90.00% Random Forest
COVID-19 (2) 42.86% 90.00% 91.43% XGBoost
COVID-19 (3) 40.00% 82.22% 84.44% XGBoost
COVID-19 (4) 56.25% 92.50% 93.75% XGBoost
COVID-19 (5) 51.11% 90.00% 90.00% Random Forest
AVERAGE 51.62% 84.52% 82.37% Random Forest
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3.2. Performance

We conducted a stock market simulation based on weekly trading. For the strategy,
we determined buying at the closing price of the previous week’s final trading day and
selling at the week’s final day’s closing price. When simulating in the Thai stock market,
the first week and the investment in the following weeks will increase or decrease de-
pending on the investment results of the previous week, where the model selects the top
10 most probable stocks. Additionally, we split trading for each year and every year be-
ginning with 10,000 Thai baht from 2017 to 2021. Performance is determined by the per-
centage of successful stock picks (percentage of right weekly stock picks) and the percent
annualized return (total return each week over 1 year). The results of Logistic Regression,
Random Forest, and XGBoost are compared in Figures 5-8, which detail the performance
of stock selection and total return on an annual basis from 2017 to 2021.

SUCCESS PREDICTION RATE (%)
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Figure 5. Stock selection performance (success prediction rate).
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Figure 6. Stock selection performance (annualized return).
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Figure 7. Time series cumulative return.

The following are the annual results from 2017 to 2021 (Figures 5 and 6). The average
success rate for the Logistic Regression model is 49.65% and the average annualized return
is 23.25%, with the highest success prediction rate in 2017 being 54.04% and the highest
annualized return in 2020 being 45.45%. The Random Forest model has an average success
rate of 84.56% and an average annualized return of 1328.43%, with the best success pre-
diction rate in 2021 being 87.84% and the best annualized return in 2020 being 3500.66%.
The XGBoost model has an average success rate of 81.63% and an average annualized
return of 1350.38%, with a success rate of 90.59% for the best year 2021 and 3489.08% for
the best year 2020. From Figure 7, the Logistic Regression, Random Forest, and XGBoost
portfolios show dominance over the benchmarks SET index and SET100 index in the port-
folio across the simulation periods (2017 to 2021). The dominance relationship becomes
more significant starting during the COVID-19 outbreak in 2020. In conclusion, perfor-
mance comparisons with the annualized backtest financial evaluation reveal the distinc-
tion between the three models. Clearly, the use of Random Forest has the highest average
percentage of success, whereas XGBoost has the highest average annualized return.
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Figure 8. Crisis in Thailand during the years 2017-2021.

In 2020, it was the year with the most return because the Thai stock market was ex-
tremely volatile due to various COVID-19 events and crises. Every year, there are events
that have an impact on the stock market, both positive and negative. Thus, Table 8 demon-
strates the model’s performance for several crises in Thailand.

3.3. Performance for Crisis

During the various crises in Thailand, the performance of models differs between
periods and models. From 2017 to 2021, according to Figure 8, there are six types of crises:
Quantitative Easing (QE), Controversy, Foreign Investors, MSCI, Protestation, and
COVID-19. For COVID-19 crises, it can be classified into five states of COVID-19, as each
state is pretty unique in terms of model performances in the Thai stock market. Hence, we
explain the states of COVID-19 outbreaks and draw attention to their impacts during each
phase. Table 8 displays the performance of stock selection during various times of crisis.

3.3.1. Quantitative Easing (QE)

Quantitative Easing (QE) is a form of monetary policy borne by each country’s central
bank. In January 2018, the Stock Exchange of Thailand index closed at its all-time high of
1838.96 points, which was a significant factor in the decline of gold prices (Chai et al. 2021).
This was due to the impact of QE measures in the United States and Japan and the reduc-
tion in interest rates by the European Central Bank (ECB), which encouraged investors to
invest in stock markets in search of higher yields. The results of Logistic Regression, Ran-
dom Forest, and XGBoost from January to February 2018, as shown in Table 8, revealed
successful stock pick rates of 55.0%, 85.0%, and 83.75%, respectively.

3.3.2. Controversy

The U.S. and China’s trade retaliation is a global trade war. Particularly, trade coun-
termeasures between the United States and China have caused the SET index to decline
for the majority of the week, although there are factors supporting energy stocks due to
the rise in oil prices on the global market. However, this is insufficient to offset the pres-
sure exerted by foreign investors’ net selling of Thai stocks from the beginning to the mid-
dle of the week. However, the Thai stock market still closed in the red in contrast to re-
gional stock markets. In June and July 2018, the successful stock selection rates for Logistic
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Regression, Random Forest, and XGBoost were 51.11%, 78.89%, and 65.55%, respectively,
as shown in Table 8.

3.3.3. Foreign Investors

The SET market decreased dramatically to 1548.37 points, the lowest in 19 months on
27 December 2018. The major reason is that the foreign investors sold a net 1832.50 million
baht (Smart 2018; Today 2018). As shown in Table 8, the results of Logistic Regression,
Random Forest, and XGBoost for the period December 2018 to January 2019 showed stock
selection performance rates of 45.00%, 71.67%, and 63.33%, respectively.

3.3.4.MSCI

MSCI Index is Morgan Stanley Capital International’s benchmark. It was developed
as a metric for foreign investors to use in selecting stocks and returns. On 28 May 2019,
the Thai stock market closed at 1632.04 points, a gain of 7.20 points, with a trading value
of 204,855.67 million baht, a record high. This was due to the reweighting of the MSCI
Thailand index, which boosted the weight of some Thai equities in the index’s investment.
According to Table 8, the stock selection rates predicted by Logistic Regression, Random
Forest, and XGBoost for the period of May—June 2019 were 57.78%, 86.67%, and 82.22%,
respectively.

3.35. COVID-19 (1)

The COVID-19 crisis has had various effects on the global economy, with the lock-
down measures having the most economic impact. When there are lockdowns, it makes
it harder for people and businesses to buy things in public places such as department
stores. It began affecting the Thailand Stock Exchange on 26 February 2020. The Thai Stock
Exchange fell sharply by 72.69 points, or —5.05%, in a single day, closing at 1366.41 points.
The SET ended trading on 9 March at 1255.94 points, which was down 108.63 points or
~7.96%. The SET for 12 March closed at 1114.91 points, a decrease of 134.98 points, or a
loss of 10.80%. The stock market closed on 16 March at 1046.08 points, with a loss of 82.83
points, or 7.34%. As indicated in Table 8, the performance of stock selection from February
to April 2020 using Logistic Regression, Random Forest, and XGBoost were 51.54%,
73.85%, and 79.22%, respectively.

3.3.6. Protestation

Protests in Bangkok, Thailand, on 30 October 2020 led to the declaration of a state of
emergency in the capital city. Because of this, the SET index closed the trading day at
1214.95 points. Using Logistic Regression, Random Forest, and XGBoost, the success pre-
diction rates for October and November 2020 were as follows (Table 8): 65.56%, 94.44%,
and 90%, respectively.

3.3.7.COVID-19 (2)

The COVID-19 pandemic began in the province of Samut Sakhon in Thailand at the
same time that the country instituted quarantine measures to stop the virus from spread-
ing further. With investors concerned about the closure of Samut Sakhon, the Stock Ex-
change of Thailand Index decreased by more than 5% on 21 December 2020. The market
closed with a loss of 80.60 points, or —5.44%, at 1401.78 points. According to Table 8, the
stock selection success rates predicted by Logistic Regression, Random Forest, and
XGBoost for the period December 2020 to January 2021 were 42.86%, 90%, and 91.4%, re-
spectively.

3.3.8. COVID-19 (3)

As a consequence of the relaxation of lockdown measures, the Stock Exchange of
Thailand index ended on 11 June 2021 at 1636.56 points, a gain of 11.29 points, the highest
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level in 1 year, 4 months, and 18 days. However, with the easing of the lockdown
measures, the epidemic became more severe, and the stock market continued to decline.
According to Table 8, the performance of successful stock picks using Logistic Regression,
Random Forest, and XGBoost for the period of June to July 2021 was 40%, 82.22%, and
84.44%, respectively.

3.3.9. COVID-19 (4)

As the number of COVID-19 cases in the country continued to exert more pressure,
the Stock Exchange of Thailand closed at 1521.72 points on 6 August 2021, a fall of 5.94
points and the lowest close in five months. This number is still far over 20,000 every day.
The market is well aware of the issue, yet it still poses risks. Investors are wary as a result.
According to a tally compiled by the Stock Exchange of Thailand (SET) on 6 August 2021,
institutional investors sold 135.90 million baht worth of shares, brokers sold 363.93 million
baht worth of shares, foreign investors sold 2078.31 million baht worth of shares, and retail
investors bought 2578.14 million baht worth of shares. Foreign investors’ sales over the
first six days of August totaled as much as 8148 43 million baht. As can be shown in Table
8, the success rates of stock picks made using Logistic Regression, Random Forest, and
XGBoost during the months of August and September 2021 were 56.25%, 92.50%, and
93.75%; respectively.

3.3.10. COVID-19 (5)

On 28 November 2021, the Stock Exchange of Thailand dropped 37.85 points, closing
at 1610.61 as a result of the Omicron strain of the 2019 coronavirus. Continuing its down-
ward trend, the index shed another 20.92 points on 29 November 2021, ending the day at
1589.69. It dropped another 21.00 points on 30 November 2021, finishing at 1568.69. Table
8 displays that the accuracy rates of Logistic Regression (51.11%), Random Forest
(90.00%), and XGBoost (90.00%) were the lowest and highest for predicting profitable
stocks during November and December of 2021, respectively.

Based on the various crises that occurred in Thailand between 2017 and 2021, the
crisis is divided into six categories: QE, Controversy, Foreign Investors, MSCI, COVID-19,
and Protest. The overall performance of Logistic Regression is proxied by %success, which
in this experiment was 51.62% on average. Random Forest has an overall accuracy rate of
84.52% (the highest performance during the financial crisis: QE, Controversy, Foreign In-
vestors, MSCI, COVID-19 (5), and Protest). For XGBoost, the overall performance reflects
82.37% success (the highest performance during the crisis: COVID-19 (1-5)). Lastly, for
backtest financial evaluation during the crisis, Random Forest ranked first in terms of
Yesuccess, with 84.52%, while XGBoost ranked the first during COVID-19 outbreaks with
87.77%.

Based on the above performance, Random Forest had a higher stock selection rate
than the other two models (Logistic Regression and XGBoost) because its algorithm was
very stable, and it works well with both continuous and discrete variables. Even if a new
data point is added to the dataset, the overall algorithm is not significantly impacted be-
cause it is unlikely that the new data will affect all trees (Breiman 2001). However, during
COVID-19 when the market fell sharply, XGBoost had a higher stock selection rate. The
stock market experienced a sharp decline during the COVID-19 period due to the nature
of the data. It is possible that Random Forest will assign less weight to this class, but
XGBoost is an excellent alternative for unbalanced datasets. Consequently, XGBoost has
a higher stock selection rate, whereas Logistic Regression has a relatively low perfor-
mance. Logistic Regression is optimized for discrete variables (Robles et al. 2008). Com-
pared to Random Forest and XGBoost, the Keywords and Indicators dataset characteris-
tics are complex, having both continuous and discrete variables data characteristics.
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4. Conclusions
4.1. Conclusion

To address the challenges found in the existing literature on portfolio formation with
stock selection, we aimed to (1) study and identify relevant factors in selecting securities
for the investment portfolio, (2) develop a portfolio formation approach for individual
investors, (3) evaluate the predictive capabilities of stock movement forecasting models
using keywords proxied from the three datasets (technical indicators, Google Trends
search terms, and the combination of the aforementioned), and (4) compare the model
performance between Logistic Regression, Random Forest, and Extreme Gradient Boost-
ing (XGBoost). With the use of the machine learning (ML) models and technical indicators
combined with Google Trends search terms, the proposed prediction model was con-
structed, bringing the benefits of machine learning to stock selection. Several conclusions
can be drawn from this research.

First, the predictive accuracy of Logistic Regression, Random Forest, and XGBoost
models was initially evaluated using the three datasets mentioned above and compared.
All three models have the same maximum ROC-AUC Score in the dataset, which com-
bines technical indicators and Google Trends search terms. The combination of datasets
can be applied to better understand the internet search trends as well as financial time
series, which in turn can lead to more precise stock analysis.

Second, the three ML approaches were used as comparison models to assess the pre-
dictive performance with the key parameters: ROC curves, annualized backtests, and fi-
nangcial crisis backtests. For ROC curves, there was no clear distinction between the per-
formances of the three ML models, while XGBoost performed the best. Backtest evaluation
(annualized) made the contrast clearer, Random Forest had the highest average success
rate, and XGBoost had the highest average annualized returns. In the crisis situation, Ran-
dom Forest had the highest average success rate. During the COVID-19 crisis, XGBoost
proved to have the highest average sticcess rate. In summary, this study concluded that
the backtest evaluation was more suitable to compare the performance of each ML method
than ROC curves. The backtest evaluation was able to incorporate real events in the stock
markets into the comparison model.

Finally, the results from the prediction procedure revealed that Random Forest and
XGBoost were nearly identical but still different. During moderately volatile markets, the
Random Forest model outperforms the XGBoost model in terms of both average success
rate and average annualized return. Nevertheless, the XGBoost model performs signifi-
cantly better during periods of extreme market volatility, such as the COVID-19 pan-
demic. The algorithm has the capability to identify stocks with a high future price growth
potential. This model is superior to the Random Forest model in both aspects (average
success rate and average annualized return).

4.2. Limitation and Future Work

Despite the fact that this study provides useful insights, it has some limitations. First,
we only analyze Thai Stock data. Hence, the result from this study might not be general-
izable for other economies and countries. Second, we utilized the Keywords and Indica-
tors dataset to determine which keyword is appropriate for a specific time frame. Conse-
quently, it is essential to update new keywords and ensure the correlation between stock
movements and keywords in different time periods. Third, this study only used the Pear-
son Correlation Coefficient (r) to determine the relationship between stocks and key-
words. In the future, it would be better to expand the study and perform a sentiment
analysis determining the specific correlation of keywords that influence individual stocks.
Fourth, there s a limit on the number of shares that may be imported to the portfolio with
the same amount every time. This is because this research only chose companies with the
best chance of price growth for a total portfolio of 10 stocks every weekly transaction per
round. In fact, the number of shares that will give the best return in each round
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unnecessarily equals the number of equities in the portfolio. If optimization algorithms
are used to construct an optimal portfolio, the portfolio may perform better and be better
overall. Finally, since this study did not examine the recommended buy/sell cut-off points
for each stock each week, a suggested buy/sell cut-off point could increase profits more
effectively.

All in all, future research should apply sentiment analysis for keywords and individ-
ual stocks, examine algorithm optimization for portfolio selection, and take into account
the suggested buy/sell cut-off points for each week.
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