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Abstract

This research aims to develop an appropriate model for forecasting the
volatility of stock returns on The Stock Exchange of Thailand (SET), which is the central
trading hub for securities in Thailand and one of the key exchanges in Southeast Asia.
The volatility of stock returns on SET is crucial for risk management and investment
decision-making. Therefore, creating a model that can accurately predict volatility is of
significant importance. In this research, models from the GARCH family were utilized,
including the GARCH model, GJR-GARCH model and TARCH model. Stock price data
from the SET, spanning from January 1, 2016 to December 31, 2023, were used. The
data were divided into 3 parts: a training set comprising 1,329 days (70%), a validation
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tested the performance of the GARCH family models using the expanding window
forecasting method on the training and validation sets. The results indicated that the
TARCH model had the lowest prediction error, with an RMSPE of 0.1927. Therefore,
the researcher selected the TARCH model for forecasting on the test set, which

resulted in an RMSPE of 0.1876.
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V. =c+ D By, . +& (2.1)
i=1



1ng

o

=~ S

~

Ao AluT9IaN t

a

9 ANAIN (Constant Term)

o))

= a 6 o
A9 N151TMDSVBILUUINEDY AR
A9 IUIUAINDUNLNANANTUN

Ao AANUAAIAPARUlUTIIAT t

Tudruveauuiiass MA d@uididudiunlgainnuRanaInaInNgInIaIneu

minieanaururuludeya wagyhuigaveseyaludisiatdaly Fuiuveainiy

a Al ° | ' v ° a ¢ = & a s al
N@WﬁqﬁmiﬂUﬂqiﬂ']U'lmiumaqL'ﬂaqﬂ@u%uqf\]gﬂqﬁu@I@f‘JququLmai q FUUUNITIULADIN

mvuaduInvesldlunisauin lngaun1sves MA I5UMUUATANN1TH 2.2

T

q
7, SN +Z¢9j8t_j (2.2)
Jj=1

Ao Alutaga t

a

RIGRILARLLETRHG

o))

A9 WISALMBSVBILUVINEDY MA
A9 PIUIUVDIANANURANAININNTIIANDUALN

A9 AANUAAIAPARUIUTIIAN t

N15590AUVD9 AR kag MA 11978AUlukUUIN1a89 GARCH et uAINY

gavgu uazAuannsatunsdnnisivanuisnuluisainnvasuwdadaniy lag

Tudiuves AR Tdtayaludraiaineuntiieviuedlutisiaidinly Jedmilyielvlueg

aunsadnassanulisuwdadlurteyalutisiadeiiaslds Tuvaugidiuves MA T

ANUAANAINIINY AR oUNT NN eanANEuNIUluTaYa wagyueA1vesloyaly

Fraintuagaiussdvanin lneaun1sves GARCH HUkuunsaunisn 2.3

p q
2 2 2
o =w+ E a.E + E Bo.; (2.3)
i=1 j=1



2 = 1

g o Ao AANUEUAIWlLYIE t

1 =

1) A9 AN (Constant Term)

P

a,f, Ao Mdiwmeiveshuuinass GARCH

A9 ANANUAAIALAADUIUTIIAT t — |

2.3.2 GJR-GARCH (Glosten-Jagannathan-Runkle GARCH)

LUUF1899 GJR-GARCH gﬂﬁwmim Glosten, Jagannathan Lae Runkle

(1993) LYULUUIIADMN WALV UAINLUUTIA09 GARCH LAl uN1TNINTUINANTENUYD

'
[ a

Asymmetric shocks @ud1Agy#iLiintU1u1fAe Indicator function N1918LEALEETENINT

nsznuiduvinuaziiuau Ineaunisves GJR-GARCH TUwuumaaunisi 2.4

P q
2§ 2 2 2
O, =0+ Zaigm = ZlBjo-tfj +yd, & (2.4)
i=1 el
g o2  fAs manuEuaulugge t

1 =

1) A9 AA9Y (Constant Term)

P

a., B, Ao WIsWRDIUBIMUUTIA09 GARCH

¥ AB WITARDSTILAAINANTENUVDIU1I5 Y
I, @8 Indicator function AflAlu 1 e ¢ <0 (¥17578)
wazilu 0 e & 20 (U195)
2 = 1 a | o
g,  feo menueatandeulutInaan t—i

2.3.3 TARCH (Threshold GARCH)

WuUT1aee TARCH gnitmwlag Zakoian (1994) Wunuuinassfiviuyseain
WUUTI889 GJR-GARCH Liaifiumudangulunisinnisiu Asymmetric shocks siaaaury
HIuYedeya lnedin1smmvundiuiuesa lags Negnlilu Indicator function Fegnmviug

lngnsdnes o lngaun1sves TARCH figuuuudaaunisi 2.5

p q 2
2 2 2 2
o, =W+ E OGE, Tt 2 ,ﬂjat—j + z ,}/klt—kgt—k (2.5)
i1 =1 k=1



1ng

= 1

Ao AANUEUAIWlLYIE t

'
1 =

A9 AN (Constant Term)

P

AD WI51TNBSVDILUUINaDY GARCH

Ao WMo STILEnIHANTENUTBIE e

#e Indicator function AfiAwdu 1 1le &, <0 (317510)
waztdu 0 \dle &, >0 (117)

A9 ANANUAAIALAADUIUTIIIAT T — |

2.4 msmaaummﬁwaa%’aga (Unit Root Test)

NMINedaUAUTlIveItayaBYNTULIAT (Time Series Data) WudumeudAglunis

Wpeideyavneadn ieliudleindeuaiidnuwaesii (Stationary) Fadudeuleiugiulunis

A5194UUTIARIUNTUNIAT 1Y wuuTIaedlungy GARCH n1snaaeuAuiisaunsavililag

14 Augmented Dickey-Fuller test (ADF Test) Iﬂ&lﬁgULLUUﬁﬂaumiﬁ 2.6

1ng

p

Ay, =a+fttyy,  + D 6Av, +e, (2.6)
i=1

Ay, P9 nsiasuulades ¥y,

o Ao AAsdi (Constant Term)

B fio duuszavivesduUsuualtudadu

! A9 ALUIL87

y fio dudsvavisues y,

5. fe duuszAvdvesendiands Ay,

£ Ao Apupaimedeulutiaian t

lun1snAeaaU ADF-test 15198 ANFUUEANT ¥ Ve y,, N y dA1endn 0 g

Ufas Ho Fawansindudeyaiila (Stationary)



10

2.5  nsusiunasilsesuisulssansninvasluma

(%

wnafidesldlunisiauszans anlunisneinsalveawuusiasadivianun 2 sl
5un sndidesvonlasifuiainunainaisuridsasdads (RMSPE) uazsnfidosven
AmnuAaTnLAdeuidanaads (RMSE) Insudazinamiaziigns uagisnisindianuiiawans
AAIALAABUTENINNANDT AT AENsaiTiuAnaeiuUlU Tneaunsues RMSPE waz RMSE &

SUBUUAANNIST 2.7 Uag 2.8 AuEsU

2.5.1 snfigesvaslasidudainlnunaimadaunidsaadaide (RMSPE)

2

RMSPE = lz Wi (2.7)

2.5.2 5INNd89U99AIANUAAIAARAUNIAYEBREAY (RMSE)

2

RMSE = %Z}(Y—Y) (2.8)

2.6  Schwarz’s Bayesian Information Criteria (BIC)

\naUIENTAUmMAYBALUH (Bayesian Information Criteria: BIC) gnuauslag Gideon
E. Schwarz (1978) tHuiasaaiialunisdnidanlunanisadanldifiaSouiieu wazdndan

Tumaivsnzandigaanyeueslunanisaiafileg Jsuiuufaunisi 2.9

BIC = -2In(L) + k - In(n) (2.9)

~

lny Ao Arpuazlugsgauedliag (Maximum Likelihood)
k Ao Fnumiiwesiuluiea

n Ao UIUTBYANIVIUA
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2.7 ywAdeilifeatas
aiwiila uazdyann (2563) Iivins@nwinuudiassnnuiumudivsnzaudy
SRTIHANDULNUYBINBIWUUTU LAZNYINTUAITUNUKIUVBITNTINARDULVIUVBINDIY UL
Ju WneAnwdadeaninuindouniaasugiaunnia tngldiuudiass GARCH Tunisuszuna
AnuUTaesaNiuNIY WevhmsUsznaeiuuassauiunI LN Ui usaes
\flevnsiUTsuiisuen Akaike info criterion (AIC) Way Schwarz criterion (SC) UadksaE
LUUTIABY NUTMUUFIaBY GARCH(1, 1) Sanumsnzaudmiunesmuiuiudadsnniign
wazidlotnluweinsal Ingazvinmsweinsalanafuniuvesransuunuamifaguieiy
Judwau 5 54 wudn anuduriIudnsmaneusnuiiuiliianas
Katsiampa (2017) lsvinn1s@inwimudn Bitcoin fimnudunugennileriisuiuana

RutazAne1Use8nsnnuesuuudnass GARCH aiians ¢ LA GARCH, EGARCH, TGARCH,

APARCH, CGARCH Wag ACGARCH Inafiansanainan AIC, BIC wez HQ tiieidenuuusiassi

d' ° [

WLNZALTAR d1MSUNI5ESUNEANEUNIUYDY Bitcoin F9l931hUUI1889 ACGARCH 1u

G

LUUINABINL AL AN UNISAN AR UEIUYBY Bitcoin

6

ANNIYIN UazAsvTny (2562) lAvIN13An®1AURUNIUYBITRTINANBULVIUTEY

panavannsneglagltluudiand GARCH Han1sAn®Inu3I1 AR LRIURUUTNaulve 199

HanauknuvesnaInanningly 4 Ysema loun v duu dengw wazansyowsng W

v
[V o o

JuogAuarruaanad suwaydrrufuruluuiideulvluefnog el dud dgymneada
LAZIINNINAEBUARENNSTEz 8T WUIuUssmAlneTaudunusitinasnnlussazend
funnUseme leud ansgendng Sanquuasdlu

Naimy and Hayek (2018) lévin1s@nunanuiuriuvessnswaniudsy Bitcoin tng
THuuudransUsziiiu uazlaluSauisuAINaInsalunISUIYeLUUTIa8s Generalized
Autoregressive Conditional Heteroscedasticity (GARCH) (1, 1), Exponentially Weighted
Moving Average (EWMA) uae Exponential GARCH (EGARCH) (1, 1) Sswuidn wuusiaeswes

EGARCH(1, 1) fiUszanSn1manin GARCH(1, 1) waz EWMA
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uni 3

A5N15ALUUITUIY

[ [

noUszasdvasuitedfensneinsaimuduniuwadsneturessaudaning
aoll SET Tu 7 Tuthmi TegagyinisiSeuiisuysednsainnisneinsaliuudnaaslungy
GARCH l#A wuus1a09 GARCH wuus1a99 GJR-GARCH Wwazwuusians TARCH wiieidonld
wuudaesfilirianuiianainnainindeuiifian InefiansanandsiniiaoswesUesidus
ArAuAaALAA puRSIdeeade (RMSPE) [usudn wieuiafiansanarsinfidowosen
AMuAaIALAA euRaEe A e (RMSE) Wudiuszneunisiaduls Tneluundasidunis
Ynausluduveinsouwunfnuise 33midunuise waziadesdlenlddmsunside
AIUAIAY s‘i’fﬂﬂizﬂaulﬂé’w%ga LLaszmﬁmmm%’auﬂa N38UIUNTTINY N1siUTeuLay

Uszangnn n3esiiefldluniside awnsatsuiuduneuldfgui 3.1

{ & L, | \ maEEaNATANiaNLaITaya
v N0 \ P

1 dayasianjusasudnuninddat SET | I
s AnsaEnudTeRR LI |

9 |
g L v psadashwlndhvng
[ ; L e ansnaasueeny Eaeaulians uu -
| £ e mauefialaafidaya

LI T E Y ST
s Fawlslmune

msassuLudians
} fudananseaauanugnias
, msindssAvemnaanuudtans | (validation Set)
danuundassfitfiaalumssiiung | " [ d /
ﬁ‘uq?ﬂgavlmau (Test Set) = RMSPE *  ymunawuy Expanding window
| *  RMSE *  wuydnags GARCH
| I ' *  wwudans GIR-GARCH
! * wuudiaes TARCH

JUT 3.1 TumewBMIdensnensalauiunIuees SET
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3.1 dayauasunasnunvasdoya

Q.IQJVLQJOQJ t %

lun1ssunudeyanuideasell gIdulmiteyasamiuvemannindauil SET 210

=

Yahoo Finance 597Uy 1 45104 2559 97U 31 SUAN 2566 3NNUUATIVADUAINY

1%
Y

auysalvastayanayld mnideyaligniesazieinnisieunazidndgiunauseld wanaind

naTuLas nMsiauidndeyafidudsiidfny wu nsadansiduressadaseiuves
v U & v A (% (% ! o k4 = Y a

nannsngavil SET n1393Uuun1INIEeiIvesdlusing q Aingides 1a ieliiin

ANUAULAETUTBYANNEIYY

3.2 MINSTENAINNIINYDIUDYA
3.2.1  MsEs19ALUSHANDULNU

AMURNUNIUVBINEANTNE LA q ADNITIUABULUAIVDINAADULN UV
PANNSNGTY A98U TUNISATIIUUINADINEINTAUANURUNIUSIAMBNNTNERWL SET 39911
AIAIMUAFILUSHARD U UAIANEANSNEFUL SET (Return of SET Index) 1dudulsiasly

lunsafanvuiasmeinsalanuiurulunsinwiassll awnsaeulansgun 3.2

# CALCULATE PRICE RETURNS AS DAILY PERCENTAGE CHANGE
dff'returnsl = 100 * df.Close.pct_change().dropna()

JUN 3.2 nsasenuUsnanauiny selusunsulnseu

3.2.2  msaeeandsiinune

N

luuIdediTnguseasd Aen1swe1nsalAuiuNIved I8 TUYe9I1AN

wannswdeud SET Ty 7 Judnantn 399n1sasnassusitivanelaenisiasinusianauwnu
RMNUaNNSNEATL SET (Return of SET Index) AMUIaim NN URIuAAnTus 18 iulagldnsay
Y9381 30 Tu Ardenldlunsawiuenuduruneiuansalsulansgui 3.3 a1ntu

wWaguanuiurulutagiudounddld 7 Tu anunsaldeulasagui 3.4



14

# CREATE A FUNCTION THAT CALCULATE REALIZED VOLATILITY
def realized volatility daily(return):
n = len(return)

return np.sgrt(np.sum(return**2)/(n - 1))

JUN 3.3 MImuanAnuiunIuse iy sglusunsulnsou

interval_window = 30

n_future = 7

# GET FORWARD LOOKING REALIZED VOLATILITY

dff'vol_future'l = df.returns.shift(-n_future)\
rolling(windows=interval window)\

.apply(realized volatility daily)

JUN 3.4 msasuusidming melusunsulnseu

3.2.3  NISNAGUAULNVDIAUIHARBULINY

\esmnuuudiasdungu GARCH flasnfgiuluFosiuds Tasazdoudus
wUsiislrauila (Stationarity) Wity flazansnsathunldadadnuuly sy luduneuiss
nsnageunLdessnsiilammusly Tufe nanouwuananns sy SET tngld
ASMAAU ADF Test Fenuinfudsuanauunuarnvdnndnesail SET Wusudsiifianuds

winzauwin1s i ludwusiunisasrauudiaedungu GARCH awnsaldeuldnsguil 3.5

# ADF Test

adfuller results = adfuller(df.returns.dropna())
print(fADF Statistic: {adfuller_results[0]})
print(f'p-value: {adfuller results[1]})

Output: ADF Statistic: -10.602444524717127
p-value: 6.121741604490924e-19

5UN 3.5 mnaaeuauilsvesiiulsnaneuunulagnisly ADF Test
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3.24 nsuasialawtudeya

nsuesdalawdudoya Wunisvideyalegluguuuuideatuiielviinay

[

Juwesgu wazanusathdeyaluldldegadivssdnsnm T snldlumuideilfe n1svin

Tiduussinguiieaimgauazasga (Min-max normalization) 35iduwisnileuldinierin

o

Toyaliluunsg neawnanvzgnulatiiianndu 0 wazaasanazgnuUadlifiandu 1
= < Al 1 ' = Y Y (Y
wazAdY 9 vgnuanduaifiegsening 0 fe 1 lngnszurunisussdalawduvesduys
HANBULNY asnTalisulanssun 3.6 waznisuesialawduvesuundming anunsadey

Ieiwaguit 3.7

# INITIATE SCALER
scaler_vol = MinMaxScaler()
# FIT SCALER TO RETURNS VARIABLE

dff'returns'] = scaler vol.fit(df[ returns'].values.reshape(-1,1))

U7 3.6 MIuesiialawdurasiusnaneuuny melusunsulnsay

# INITIATE SCALER
scaler_vol = MinMaxScaler()
# FIT SCALER TO TARGET VARIABLE

dff'vol future'] = scaler volfit(dff'vol future'l.values.reshape(-1,1))

SUT 3.7 msuesialawduvesiuusidmneg melusunsulnsou

3.3 AISASI9BUUIIADINYINTUAIURNUNIU

(%
[y Y

Foyailtlunuidoiiinomn 1,897 u Tnefuusilflunsadrauvusassmennsal
AriukIuRe fulsnanauLuaInuAnmIwegdauil SET (Return of SET Index) 9nntiuuus
Jayasonlu 3 duu (70:15:15) Ae Yaveyainaau (Train Set) 91uw 1,329 Tu yadoya
MTIRABUAINNYNABY (Validation Set) F1u3u 284 U wazynadoayanaaay (Test Set) I

284 Fu lunuideilavinisinaeusuudiaedlungu GARCH laun wuudtass GARCH
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WUUI1899 GJR-GARCH waglhuud1a0d TARCH laglda5n15vinuneiuy Expanding window
ilevinmsmernsalmudurueaese Tuvesamanninddvi SET Tu 7 fudhanih Fadu
FBsUsziuluuItaessdmsunsviuedeyasunsuial (Time Series Data) lnuazldyn
doyatinaou (Train Set) lunisiinaeundiusn antfuardos 9 iudoyansraasunugnies
(Validation Set) #iaz 1 fu lun1sfinaeundsde q Tuaunue anwnsadeuldiegud 3.8 way

dwsulEnsiwnenuiuniueise i awnsadeuladaguin 3.9

e o 8 . b

,-A\
o1 |
1day ! |
teraction2 SO B e
Aday !
Interation 3 _—mv' N vltainse

- Lday

etz P LU Nl [ W\ Qo NAEL

JUN 3.8 FnslnaeudmsuN1sviTneuUY Expanding window

# DAILY VOLATILITY

pred = np.sgrt(np.mean(vaR))

JUN 3.9 nswanmNiuRIuRaes e Ty malusunsulnseu

Aa

91NUY ALYINTMAMITRBINANATeLAasLUUTIaa R NB LT LANAN TNEINTRIN

a' =

wlugfan FearunsavilalaenisiuguansivaeuaIsdnesang q wasiSeuliieuen

9

RMSPE 49468zl uuinandtua1a39909dnUstdnvang wioauieiiansanan RMSE wusa

Usznaunisinaula
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3.3.1  N198519UUI1a99 GARCH

AMNNSITLABSVOIUUUTIADY GARCH 7911113092380V An W1sdines p hag
WI53We3 g WalSsusumiuaaiaadaulun1syinueduaiaseesiwUsidinuny §9i

MagNTATIUUTIABY GARCH saguil 3.10

# HYPERPARAMETER TUNING FOR GARCH MODEL
for p, gqin pq_s:
t earch pqg = arch_model(r_train, vol='GARCH', p=p, g=9)
t garch_pq_fit = t_garch_pq.fit(disp="off')
# CONDITIONAL VOLATILITY OUTPUTS
cond vol arr =t _garch pq_fit.conditional volatility.values

rolling forecasts = []

# [TERATE OVER EACH TIME STEP IN THE VALIDATION SET
for i in range(284):
idx = val idx[i]
train = df.returns[:idx].dropna()
# TRAIN MODEL USING ALL PREVIOUS TIME STEPS' DATA
model = arch_model(train, vol='GARCH', p=p, g=q)
model fit = model.fit(disp="off)
# MAKE PREDICTION 7 DAYS OQUT
vaR = model fit.forecast(horizon=7, reindex=False,
method="bootstrap').variance.values

pred = np.sgrt(np.mean(vaR))

5UM 3.10 nsa¥nauuus1ans GARCH
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3.3.2 N158519UUI1a09 GJR-GARCH

ANNSTLABSVOIMUUTIA0Y GIR-GARCH 1Y nMsnsadeu Ao w1s1dees p
wazwIslmes g lietssusuanurataedoulunsviiuieduA1aswesaaLU st ung

FailfieE19nN15a31uUUTIAeY GJR-GARCH ¢iagui 3.11

# HYPERPARAMETER TUNING FOR GJR-GARCH MODEL
for p, gin pg_s:
t gjr pg = arch_model(r_train, p=p, g=q, 0=1,
vol='GARCH', dist="skewt")
t gir pq_fit =t gjr pa.fit{disp='off")
# CONDITIONAL VOLATILITY OUTPUTS
cond-vol arr = t_gjr pqg_fit.conditional volatility.values

rolling forecasts = [l

# [TERATE OVER EACH TIME STEP IN THE VALIDATION SET
for i in range(284):

idx = val_idx[i]

train = df.returnsl:idx].dropna()

# TRAIN MODEL USING ALL PREVIOUS TIME STEPS' DATA

model = arch model(train, p=p, q=q, 0=1,

vol='GARCH', dist='skewt’)

model fit = model.fit(disp="off')

# MAKE PREDICTION 7 DAYS OUT

vaR = model fit.forecast(horizon=7, reindex=False,

method='bootstrap’).variance.values

pred = np.sqrt(np.mean(vaR))

SUM 3.1 nsa¥nauuusiass GJR-GARCH
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3.3.3  N198319UUI1a09 TARCH

| a s o Ql' o A a s
AINITINLADTVOILUUTI809 TARCH N1Y11n1159529d0U An WIT18L003 p
WISR9T g Lazn1THkes o WislUTeuisuANUAAIAAGUlUNITVINUIEAUAIRSITDR)

wUsithvaneg gaildneganisasnawuudnaes TARCH saguil 3.12

# HYPERPARAMETER TUNING FOR TARCH MODEL
for p, g, oin pgo_s:
t tarch pgo = arch_model(r_train, p=p, g=g, o=0,
power=1.0, dist="skewt')
t tarch pgo_fit = t tarch_pgo fit(disp="off")
# CONDITIONAL VOLATILITY OUTPUTS
cond vol arr =t _tarch pqo_fit.conditional volatility.values

rolling forecasts = [l

# [TERATE OVER EACH TIME STEP IN THE VALIDATION SET
for i in range(284):

idx = val_idx[i]

train = df.returnsl:idx].dropna()

# TRAIN MODEL USING ALL PREVIOUS TIME STEPS' DATA

model = arch model(train, p=p, g=g, 0=0,

power=1.0, dist="skewt’)

model fit = model.fit(disp="off')

# MAKE PREDICTION 7 DAYS OUT

vaR = model fit.forecast(horizon=7, reindex=False,

method='bootstrap’).variance.values

pred = np.sqrt(np.mean(vaR))

U7l 3.12 msasrauuudnans TARCH
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INNUU NAFDUUTLANT NINVDILABZLUUIIADY AIUNITATUIUAT RMSPE 1ile

Wisuiguanuaanadeulun1siiug Ingagideniuudnaesiilal RMSPE a1vian wiey

(%
[

faansandn RMSE Wuiusgnaunsindulas lunanisisuadsd wuih wuudiaes TARCH
\Junuudrassiiiian RMSPE sfiiga Tngd RMSPE ¥eauuudiass TARCH ity 0.1927
faiu wuudaes TARCH gnidenidunuudraesiimnzauiigndmiunmsinnedudeyaluge
Toyanaaou (Test Set) Lilasaniiaunainind sulunisyiunedesdgad eliivufy
wuudiansdy 9 lnea1 RMSPE veauuudians TARCH dmfunsimnefuteyaluyndeya

Nagaau (Test Set) WNAU 0.1876

3.4 n15IAUSSEANSNINYBILUUANABY

[ 1

lunuideilfudunisiausgaviamvesiuuinaediionuuuiae v zauian

9
g maneds n1svitbiwuudiassdainnuaatandaulunisyiiunesngn n1suseiiiy
UszaNS A nvaanuudtasdazldianun 2 tnasl laun 5109 a99999U0s L Us A1AIY
AANALAABUNIRI@01RAY (RMSPE) a1u15aideuldnagui 3.13 uagsnfiaeduesA1niny

ARIAWAEBUMAsIaNARY (RMSE) a1snsaldeulansgun 3.14

# DEFINE ROOT MEAN SQUARED PERCENTAGE ERROR FUNCTION
def RMSPE(y true, y_pred):
output = np.sgrtinp.mean(np.square(ly true - y_pred)/y true)))

return output

U7 3.13 msAnaaAn RMSPE shglusunsalnseu

# DEFINE ROOT MEAN SQUARED ERROR FUNCTION
def RMSE(y true, y pred):
output = np.sgrt(mse(y_true, y pred))

return output

U7 3.14 M3AIA1 RMSE melusunsulnseu
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3.5 iAsadliantdlun1snnany

3.5.1 815013

v

F8azBEARBUNNDINYINN1TUTELIARALUUTIARIbUNG YN GARCH HIfadl

Intel(R) Core(TM) i5-1135G7 Ram 16 GB

3.5.2 LIS

¥
av au a

Tusuidedandulaly VS Code (Visual Studio Code) 1utn3nsiianlasu
ANudeudmsun sl sulusunsunatenien laglanie Python fid@unsafnaslausns

(Library) dusunsitlutaasng o e

laus13 (Library) wisuiadieulsunsudnsaguithuilsfdunisvinaui
LNIEN UiiwummlawsmLiﬁ]iﬂmmmiﬂmmm b ”lﬁz’fmu”l,mwmum $H 998579
Taus13susnlvaliesianue memmﬂﬂamwiwimmmiwwuﬂ,’aagLLamﬂﬁumulmasJ A"

AN 3.1

Python library Function
h Y 4 1lunnsfatayasimiuan Yahoo
Yanoo; =
finance

Tlunsaniiunsiudeyakuunisng
[ ]

|| et

I'i pqndas vsetayaluUhuy DataFrame

Tdlunsuanmazuuuunaneie o

& seaborn

Tglunsviuuudnaeslungy GARCH

li.arch

5797t 3.1 Taus3 (Library) fildluauise
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uni 4

NAN15228UazN159AUS19NE

= ¥ o

NNISANYIITENAUMILUUT I vIsaulun1sHeINTalAIAIUAUKINYBY
nanauwnuiulunaananvsnduisUsewelng §Ideldvayasaviuvesmannindsuil SET
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Target Future Volatility After Scaling
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4.2.1 WNaNISHINIUVDILUUINABY GARCH
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Bootstrap GARCH(2, 1) Constant Mean Normal Distribution
on Validation Data
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Training Set
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Bootstrap GJR-GARCH(2, 1) Constant Mean Skewed Student's T Distribution
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import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

import yfinance as yf

from datetime import date

from scipy import stats

from datetime import da
from sklearn.metrics import mean_squared_error as mse
from sklearn.preprocessing import MinMaxScaler

from statsmodels.tsa.stattools import ad
import itertools

e, Ti

#matplotlib inline

Taus13 (Library) #i1a 9 7l

# SELECT START AND END DATE
start = /2016-81-01"

end = f2023-12-31"

ticker = ""SET.BK’

df = yf.download(ticker, start=start, end=end, dinterval="1d")

[+ ok 4 ok ok 1 Rk xk KadkoR I iaka Sock ok kb k] | 1 wof alicompleted

df = df[df[’volume'] > 1608068 ]
df.head()

QOpen High Low Close Adj Close Volume

Date
2016-01-04 1286.260010 1286359985  1260.959961 = 1263.410034 1263.410034 9397100
2016-01-05  1267.989990 1270.069946, 1251.8699595  1253.339966,  1253.339966 9880500
2016-01-06  1250.140015 © 1260.880005  1247.890015, 1260.040039 ' 1260.040039 7905700
2016-01-07 1238.060059 1244.040039  1224.829956 1224.829956 - 1224.829956 9622800
2016-01-08 1231.880005 1246699951 = 1228.180054 1244.180054 1244.180054- 7910300

JoyasinvuveIranningauil SET 210 Yahoo Finance

# CALCULATE PRICE RETURNS AS DAILY PERCENTAGE CHANGE USING pct_change()
df["returns’] = 18@ * df.Close.pct change().dropna(’)

df.dropna(inplace=True)
df.head()

Open High Low Close Adj Close Volume returns

Date
2016-01-05 1267.989990 1270.069946 1251.869995 1253.339966 1253.339966 9880900 -0.797055
2016-01-06  1250.140015 1260.880005 1247.890015 1260.040039 1260.040039 7905700 0.534577
2016-01-07 1238.060059 1244.040039 1224.829956 1224.829956 1224.829956 9622800 -2.794362
2016-01-08 1231.880005 1246.699951 1228.180054 1244.180054 1244.180054 7910300 1.579819
2016-01-11 1233.859985 1235.180054 1220.959961 1234.500000 1234.500000 7897500 -0.778027

NNSES 1A ILUTHANDULNIY
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# CREATE A FUNCTION THAT CALCULATE REALIZED VOLATILITY
def realized wvolatility_daily(series_return):

n = len(series_return)

return np.sqrt(np.sum(series_return®**2)/(n - 1))

INTERVAL_WINDOW = 3@
n_future = 7

# GET FORWARD LOOKING REALIZED VOLATILITY

df[ "vol_future'] = df.log_returns.shift(-n_future)\
.rolling(window=INTERVAL_WINDOW)\
.apply(realized_volatility_daily)

A15a519A U MLNY

# RETURNS
adfuller_results = adfuller(df.returns.dropna())

print(f‘ADF Statistic: {adfuller results[e]}")

print(f‘p-value: [adfuller results[1]}')

print(*Critical Values:')

for key, value in adfuller_results[4].items():
print(f'{key}: {value:.4+}")

NINAABUAINTIVIAILUTNANDULNU

def transform volatility to scaler(scaler, tf series):
Transform a senies toa fitted scaler

idx = tf series.index

output = pd.Series(scaler.transform(tf_series.values.rashape(-1,1))[:,8],
index=1idx)

return output

# INITIATE SCALER
scaler_wvol = MinMaxScaler()

# FIT SCALER TO CURRENT VOLATTLITY /IN TRAINING' SET
scaler_vel = scaler wol.fit(x train.values.reshape(-1,1))

nsupslalawduteya
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#HYPERPARAMETER TUNING FOR GARCH MODEL

pq_s = [p for p in itertools.product(range(3), repeat=2)]
# ELIMINATE PERMUTATIONS WITH p = @

pq_s = list(filter(lambda x: x[8] != 8, pq_s))

# RMSPE ON VALIDATION SET

garch_rmspe = []

# L0G LIKELIHOOD

garch_LLH = []

# BIC

garch_bic = []

for p, g in pg_s:
# SET SEED FOR REPRODUCIBILITY
np.random.seed(seed)

# FITTING GARCH(p,q) MODEL
t_garch_pq = arch_model(r_train, vol="GARCH', p=p, g=q)
t_garch_pq_fit = t_garch_pq.fit(disp="off")

# SCALING CONDITIONAL VOLATILITY OUTPUTS
sclr = MinMaxScaler()
cond_vol_arr = t_garch_pq_fit.conditional volatility.values.reshape(-1,1)

# FITTING SCALER 1O MODEL'S CONDITIOMAL VOLATILITY
sclr = sclr.fit(cond_vol_arr)

# INITIALIZING rolling_forecasts VALUES LIST
rolling_forecasts = []

# ITERATE OVER_EACH) TIME STEP IN THE WALIDATION SET
for i in range(len(r_val)):

# GET THE DATA AT ALL PREVIOUS TIME STEPS

idx = val_idx[i]

train = df.returns[:idx].dropna(}

# TRAIN MODEL USING ALL PREVIOUS TIME STEPS® DATA
model = arch model{train, vel="GARCH', p=p, g=q)
model_fit = model.fit(disp="off")

# MAKE PREDICTION
vaR = model fit.forecast(horizon=n_future,
reindex=False,
methed="beotstrap').variance.values
pred = np.sqrt(np.mean{vaR))

# APPEND-TQ rolling forecasts LIST
rolling_forecasts.append(pred)

# _CONVERT PREDICFIONS
y_prads = pd.Series(relling_forecasts, index-val idx)

# TRANSFORM PREDICTIONS USING FITTED-SCALER. FOR SPECIFIC pfq/SET
y_prads_scaled = transform_volatility to scaler(sclr, y_preds)

# APPENDING PERFORMANCE METRICS TO LISTS
garch_LLH.append(t_garch_pg_fit.loglikelihoocd)
garch_bic.append(t_garch_pg_fit.bic)
garch_rmspe.append(RMSPE(y_val scaled, y_preds_scaled))

N3as1UUUTIae GARCH vudeyansiaaey
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#HYPERPARAMETER TUNING FOR GIR-GARCH MODEL

pq_s = [p for p in itertools.product(range(3), repeat=2)]
# ELIMINATE PERMUTATIONS WITH p = @

pq_s = list(filter(lambda x: x[@] != @, pg_s))

# RMSPE ON VALIDATION SET

gjr_rmspe = []

# L0G LIKELIHOOD

gjr_LLH = []
# BIC
gjr_bic = []

for p, q in pg_s:
# SET SEED FOR REPRODUCIBILITY
np.random.seed(seed)

# FITTING GIR-GARCH MODEL

t_gjr_pq = arch_model(r_train, p=p, g=q, o=1,
vol="GARCH', dist="skewt')

t_gjr_pq_fit = t_gjr_pq.fit{disp="off")

# SCALING CONDITIONAL VOLATILITY OUTPUTS
sclr = MinMaxScaler()
cond_vol_arr = t_gjr_pq_fit.conditional wolatility.values.reshape(-1,1)

# FITTING SCALER TO MODEL'S_CONDITIONAL VOLATILITY
sclr = sclr.fit(econd_vel arr)

# INITIALIZING rolling forecasts WALUES'LIST
rolling forecasts = []

# TTERATE OVER EACH TIME STEP IN-THE VALIDATION SET
for i in range(len(r val)):

# GET THE DATA AT ALL PREVIOUS TIME STEPS

idx = wval-idx[i]

train = df.returns[:idx].dropna()

# TRAIN MODEL USING ALL PREVIOUS.TIME STEPS' DATA
model = arch_model{train, p=p, g=q, o=1,
vol="GARCH"; dist="skewt')

model_fit = model.fit(disp="off")

# MAKE PREDICTION
vaR = model _fit.forecast(horizon=n_future,

reindex=False,

method="hootstrap’ ) .variance.values
pred = np.sgrt(np.mean(vaR}))

# APPEND TO colling forecasts LIST
rolling_forecasts.append(pred)

# CONVERT PREDICTIONS
y_preds = pd.Series(rolling forecasts, index=val idx)

# TRANSFORM PREDICTIONS USING FITTED-SCALER FOR SPECIFIC pfq SET
y_preds:scaled = transform.wolatility to_scaler(sclr, y preds)

# APPENDING PERFORMANCE METRICS TO LISTS
gjr_LLH.append(t_gjr_pqg_fit.loglikelihood)
gjr_bic.append(t_gjr pq fit.bic)
gjr_rmspe.append(RMSPE(y_val scaled, y preds scaled))

N5a9UUUIIREY GJR-GARCH UUTAnTIIaey
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pgo_s = [p for p in itertools.product(range(3), repeat=3)]
# ELIMINATE PERMUTATIONS WITH p = @

pqo_s = list(filter(lambda x: x[@] != @, pgo_s))

# RMSPE ON VALIDATION SET

tarch_rmspe = []

# LOG LIKELIHOOD

tarch_LLH = []

# BIC

tarch_bic = []

for p, q, ¢ in pge_s:
# SET SEED FOR REPRODUCIBILITY
np.random. seed(seed)

# FITTING TARCH(p,q,0) MODEL

t_tarch_pgo = arch_model(r_train, p=p, g=q, o=0, power=1.8,
dist="skeut")

t_tarch_pgo_fit = t_tarch_pqo.fit(disp="off")

# SCALING CONDITIONAL VOLATILITY OUTPUTS
sclr = MinMaxScaler()
cond_vel arr = t_tarch_pqo_fit.conditional velatility.values.reshape(-1,1)

# FITTING SCALER TO MODEL'S CONDITIONAL VOLATILITY
sclr = sclr.fit{cond.vol arr)

# INITIALIZING rolling forecasts VALUES LIST
rolling_forecasts = []

# ITERATE OVER EACH TIME STEP IN THE'VALIDATION SET
for'i in range(len(r_val)):

# GET THE DATA /AT ALL-PREVIOUS TIME STEPS

idx =-val_idx[i}

train = df.returns[:idx].dropna()

# TRAIN MODEL USING ALL PREVIOUS TIME STEPS' DATA
model = arch_model(train, p=p, g=g, o0=0, power=1.8,
dist="skewt")

model fit = model.fit(disp="off")

# MAKE PREDICTION
vaR = model fit.forecast(horizan=n_future,
reindex=False,
method="bootstrap').variance.values
pred = np.sqrt(np.mean(vaR))

# APPEND TO rolling forecasts LIST
rolling forecasts.append(pred)

#.CONVERT PREDICTIONS
y.prads = pd.Serdes(rolling forecasts, index=val idx)

# TRANSFORM PREDICTIONS USING FITTED.SCALER FOR SPECIFIC pfqfo’'SET
y_prads_scaled = transform volatility to_scaler(sclr, y_ preds)

# APPEMDING PERFORMANCE METRICS TO LISTS
tarch_LLH.append(t_tarch_pgo fit.loglikelihood)
tarch_bic.append(t_tarch. pgo fit.bic)
tarch_rmspe.append(RMSPE(y_val scaled, y_preds scalad))

N5a31UUIReY TARCH vudeyansiadey
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