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MARKET RISK ENGINE

VALUE AT RISK (VaR)

1-DAY VaR 10-DAY VaR

95% $ 12.45M | 95% $ 38.72M

99% $ 18.90M = 99% $ 58.21M
EXPECTED SHORTFALL (ES)

1-DAY ES 10-DAY ES

95% $ 16.87M 95% $ 52.63M
99% $ 24.75M 99% $78.91M

CORRELATION MATRIX (RISK FACTORS)

Rates Credit Equity FX Commodity Volatility
Rates 1.00 0.45 0.32 -0.10 0.15 0.25
Credit 0.45 1.00 0.48 -0.05 0.20 0.35
Equity 0.32 0.48 1.00 0.10 0.30 0.60
24 -0.10 -0.05 0.10 1.00 0.05 0.20

Commodty | 0.15 0.20 0.30 0.05 1.00 0.40

Volatility 0.25 0.35 0.60 0.20 0.40 1.00

MONTE CARLO SIMULATION - paL DISTRIBUTION (1-DAY)

RISK FACTOR EXPOSURES
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STRESS SCENARIOS - IMPACT (1-DAY VaR)
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XpnuatoolKkovouKol Kivouvol

" Mia tpamnela A ayopalel 1 ek. US dollars amno pio tpamela B.
" H spot Lootiuia eivat €1.2/USD ko n tapadoon Ba yivel o 2 nuUEPEC.

" H tpanela A Ba mapadwoel €1.2 ek. o€ 2 PEPEC yLa va tapaAdpet ta US
dollars.

" Moloug KvdUVOUC EVEXOUV OL TIPAEELC;

Spot ZuvaAAaypatikn) ZuvaAAayn: Pon kat Kivéuvol

H Tpanela A ayopdZet US$1.000.000 and tv Tpanela B

O€ H TodmeZa A napadise: €1.200.000 ot 2 nuépec (T+2) > TPATEZA B

Spot wootiia: €1,2 / USD

H Tpdanela B napadidet US$1.000.000 ot 2 nuépeg (T+2)
< S

loodUvapo: US$1.000.000

US$1.000.000 [ Thuepa (T): cbvayn cuppwviag * Atakavoviopdc: T+2 (ot 2 epydotpeg npépeS) J ~ US$1.000.000
e — L i —
) NKep b Meoodidotnua (T éwg T+2) Awakavoviopog (T+2)
Zovayn 0UV°»"0YTI€ spot Mepiodog petagl ouvayng Kat Slakavoviopou. H Tpanela A napadidet €1.200.000
o€ cuvaMaypa ExtiBevrat ol kivduvot. Kkat AapBaver US$1.000.000.
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XpnuatoolKkovouKol Kivouvol

" Kivobuvoc ayopac (market risk): AAayn Lootipiog

" Kivéuvoc ekkaBapionc (credit — settlement risk): Av n tpamnela A
uetadepel ta EUR 1.2 ek. otnv Tpamela B kat n Tparnela B
XpewkKoTiel Tote Hev Ba napadwoel to USD 1 &k.

" Aettoupykoc Kivbuvocg (operational risk): eotw otTL otéAvovTal o€
AaBoc tpamela. Otav avakaAudBel to AaBoc n anwAegLla TG
tpamnelac Ba eival 0 TOKOC TWV NUEPWV.




Atia og kivbuvo (Value at Risk)

" To VaR poc delyvel tn peylotn '
(nuio Tou avapEvETaL val | Mean = 19
npaypatonolnBel oe dbedopevo ’
XPOVLKO opillovta Kol yLa
OUYKEKPLUEVO eTtimedo
gunotoouvnc .

VAR — 14.49‘0/:{

-

Standard
deviation = 5.5%

-30 -20 -10 0 10 20 30
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Atia og kivbuvo (Value at Risk)

® To VaR eivat n peBodoc yia tnv petpnon tou KvdUuvou n omoia XpNOLULOTIOLEL
epyaAeio amo AAAeC eEMLOTAMEC (TT.X., OTATIOTLKN, OLKOVOLLETPLA).

" To VaR ocuvoileL tn peylotn mbavn anwAeLla yia 6e6o0uEVO Xpoviko opilovta
n omnoia 6ev Ba Eemepaotel yia a eninedo euniotoovvng.

> TIx., éva XpnHOTOTLOTWTLKO (8pupa — pio tpdmela — propel va €xel urtohoyioel ATL To
nuepnoto VaR tou xaptopuAakiou tng eivat 10€ ekatoppupla o€ eninedo
onpavtkotntac o = 99%.

> L0 CUYKEKPLUEVQ, QUTO onpaivel OTL UTtapYEL TOavATTA MOVo 1% n amwAeLa va ivat
ueyaAutepn amo 10€ ekatoppupla.
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Atia og kivbuvo (Value at Risk)

"Eotw y; oL anodooelg (P&L) evog xaptopuAakiou oto xpovo t.

" Katw amo tnv umobeon tnS KOVOVIKNC Katavounc, to VaR
uTtoAoyileto we €€Nc:

Value at Risk (VaR) Engine

VaR Distribution
040

Historical Simulation

’ S1—=p
> »(1-p) R’ l l 9
p = Pr (!/r <N (111, ) = _)_(_rp _—;_u," 11_1/,
. C - . -

\Y -

29/5/2026



Atia og kivbuvo (Value at Risk)

_ z-value
VaR(X%) = U —Zxoy O L 165

-2.33

Orovu:
" Zxo, N KPLTIKI TN Z TNG TUTILKN G KAVOVLKNG KaTavopung yia X% mbavotnta,
"1 n HEON TIUN TWV NUEPNOLWYV AtodO0CEWV O TocooTLala Baon.

"0 N TUTILKA OITOKALON TV NUEPNOLWV amodooewVv o€ toocooTlaia faon.
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Atia og kivbuvo (Value at Risk)

" To VaR avadEpeTal HOVO OTO TOCOOTO TWV ATIWAELWY TIOU
OVOLLLEVETOL VAL EETIEPAOTOUV YLOL CUYKEKPLUEVO ETIMTESO
onuovtikotntac aAAd dev koBopiletal To pEyeEBOC auTwV.

" To Expected Shortfall (ES) pac divel evdeitelc yia to upoc tn¢
{nuLag.

" To ES umoloyiletat we eEAC:
ES559+1 —Et[Res1|Res1 < VaRt+1]

" To ES pac evnUEPWVEL YLOL TNV AVOUEVOUEVN aia TNG AMWAELOG OV
n anwAela eivat peyaAutepn tou VaR.
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Atia og kivbuvo (Value at Risk)

" Bdon tng unmobeonc tTnc kavovikotntac, To VaR unoAoyiletol
XPNOLLOTIOLWVTOC TA £ENC:

» Méon anodoon
> TUuTKA OItOKALON

> [M0COOTNUOPLO TNG KOVOVLKN G KOTAVOUNG

"0OL umnoBeoelc TOU KAVOUUE yla vaL uTtoAoyiooule to VaR eilval yia:
» TNV UTIOKELLEVN KOTOVOUA

» TNV TUTIKE oItOKALON
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Atia og kivbuvo (Value at Risk)

The 10-Q) report of ABC Bank states that the monthly VAR of ABC Bank is
USD 10 million at the 95% confidence level. What is the proper interpretation
of this statement?

a. If we collect 100 monthly gainfloss data of ABC Bank, we will always

see five months with losses larger than $10 million.
b. There is a 95% probability that the bank will losc less than $10 million

over a month.
¢. There is a 5% probability that the bank will gain less than $10 million

cach month.
d. There is a 5% probability that the bank will lose less than $10 million

over a month.
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Atia og kivbuvo (Value at Risk)

Moapauetpikn Medoboc¢

" To mpwTto BApa epthapBavel tnv vtodeypoatonolnon tTng
Slakvpovong Tou xaptopulakiou.

» AmAn peBodoloyia
> RiskMetrics-EWMA
> GARCH models

" To 6evutepo Bripa MePAAUPBAVEL TNV EVOWUATWON TNE UN
KOVOVLKOTNTOC TWV armodOCEWV TWV XPNHUOATOOLKOVOULKWY CELPWV.
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Atia og kivbuvo (Value at Risk)

Moapauetpikn Medobdoc¢

"Eva xapoKTNPLOTLKO TNC SLakUpavong Twv armodocewyv elval n
v nNAN AUTOCUOYXETLON.

"'ExeL mapatnpnBOel otL n vPnAn dtakvpavon akoAovBeital amno
vPnAEC TIHEC SlakUpavonc.

" H npoBAsedn tnC SLakLAVONC OTN OUYKEKPLUEVN TIEPLITTWON
LooUTOL UE

2 _1ovm p2 _vm 1 p2
Oty1 = ;Zr=1 Rfj1—7 = TzlmRt+1—r
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Atia og kivbuvo (Value at Risk)

Moapauetpikn Medobdoc¢

" H pebodoloyia OpwWC autn yLa TNV ektipnon tn¢ StakL povonc
dlvel tnv 0L Baputnta oe kABe LoTOPLKN TTOPATAPNON.

"'H npooeyylon tou ovotnuatoc Risk Metrics meplopilel Tn
Baputnta tnc KABe mapatpnonc LOTOPLKA.

" H npoBAsedn tnC SLakLAVONC OTN OUYKEKPLUEVN TIEPLITTWON
LooUTOL UE

0fh1 = Aof + (1 — DR;
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Atia og kivbuvo (Value at Risk)

Moapauetpikn Medobdoc¢

" Me aUTOV TOV TPOTIO, OL TILO TIPOOoPATEC ATTOOOOELC EMNPEALOUV OF
neyaAutepo Babuo tnv ektipnon tng Stakupavong tou
xaptoduAakiov.

"'H mapapetpog A €xeL oplotel va lval ton pe 0,94.

" Mopola autd, Bewpeital pio mpoogyylon n omola dev
QVTIKATOTITPL{EL aKPLBWC TLC OTATLOTLKEC LOLOTNTEC TNC
XPOVOOELPAC TWV ATTOOOOCEWV.

29/5/2026




Atia og kivbuvo (Value at Risk)

Mapauetpikn Me8obdoc¢
® KAtL to omolo pmopel va emitevyOei pe tat GARCH povtea.
" H o anmAn popdn aUTwV TWV UTTOSELYUATWVY EXEL TN HopdN:

0f 1 = w + fof + aR?,

Omova + f < 1.




Atia og kivbuvo (Value at Risk)

Moapauetpikn Medobdoc¢

"Onwc avadepOBnke, pia utoBeon nou xpnolponoleitat eival n
UTIOBECN TNC KAVOVLKNC KATOVOLLNC TWV ATTOOOCEWV.

" MopoAa auTd, UTIAPYXOUV KOl AAAEC KOTOVOULEC TTOU £XOUV
XPNOLUOTIOLNOEL yLaL TNV TPOCEYYLON TWV AMoOOCEWV.

Student-t GED
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Atia og kivbuvo (Value at Risk)

Mapauetpiky Medodog .
0.7
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Atia og kivbuvo (Value at Risk)

Mn-rapauetpikn Me8obdoc¢

" H 1o yvwoTn UN-TIapaUETPLKN LEBOOOC Elval N LOTOPLKN
npooopoiwon (historical simulation).

1. KotatdooouE TIC LOTOPLKEC ArtOSOOELC KOTA aUEouoa OELPA

2. Ermuléyoupe VaRp% wote to 100*p% twv mopatnpAoEwy va
elval pLkpotepo amo 1o VaRp%.

VaR!' . = —Percentile ( {R/’I’.H»I—r }’”

] = s 100p)

T=
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Atia og kivbuvo (Value at Risk)

Mn-rapauetpikn Me8obdoc¢

"MoAU evxpnotn kat artAn pebodoloyia. Onwc emionc
EVOWUOTWVEL N KOVOVLKEG KOTAVOMEG Kol AAAQL XOPOLKTNPLOTLKAL
TwV armodO0CEWV.

"MoAU gvxpnotn Kat artAn pebodoAoyia. Omwce enionc
EVOWUOTWVEL N KOVOVLKEG KOTAVOMEG Kol AAAQL XOPOLKTNPLOTLKAL
TwV armodocewv.

"MapoAa avtad, divel tnv ibla PaputnTo OTLC TOPATNPNOELC, TIOU
onuoivel otL o peyada deiypata oAU TTAALEC TIAPATNPNOELC TWV
arodooewv £xouv Tnv Lbla BaputnTa YE TLC TTLO MPOCTPATEC.

29/5/2026




Atia og kivbuvo (Value at Risk)

"MTapadeyua 1: H EKTIUWUEVN UECN TIUN KOL TUTTLKN OTOKALON TNC
katavounc twv P&L sivai S8 k. kat S15, avtiotolya. YmoAoyiots
to VaR yia entinedo onuavtikotntac 95%.

" MMapadeyua 2: Exovrac urtoAoyiost ta VaR tou yaptopuldakiou,
onwc Ja Oelte napakotw, urtoAoyiote 10 ES yila entinebo
onuavtikotntac 95%.

VaR96% = 1,75 - VaR97% = 1,88 - VaR98% = 2,05 - VaR99% = 2.32

"Mapadbeyua 3: Xpnowuornotwvtac ti¢ 30 taétvounuevec anod00oeLC
EVOC yaptopuldakiou, urtoAoyiote to VaR kot ES yia ertimebo
onuavtikotntac 90% (-22, -20, -15, -10, - 9, -9, -8, -7, -6, -5, -5, -5, -
5 -4-4-4-3-2-2-2,-1,0,1,2, 3,5, 7, 10, 15, 20).
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Atia og kivbuvo (Value at Risk)

" Aoknon 1: Eotw OTL Exw Eva YapToPUAAKLO TO Ortoio armoteAEiTal oo uia
uetoxn, tnv A, kat aéilet S10 ek. H tumikn amokAion nuépac sivait 2%. Enionc,
n HECN TN TwV armodO0CEWV TG UETOXNC Elval ion ue 1%. Yo tnv urtodeon
TNC KAVOVIKN G KaTavounc, va urtoAoylioete to VaR99% oe opilovta 10 nuepwv.

" Aoknon 2: Eotw oOTL Exw eva Yapto@UuAaklo to omolo artoteA&itat amno dUo
LETOXEC, TNV A (weight = 30%) kat B, kat aéilst cuvoAika 512 k. H tumikn
artokALon nUEPOC TNC UETOXNC A givat 2% kat tn¢ B ion ue 4%. Eniong, n
OUCYXETLON TWV artodO00EWV TwV UETOXYWV A Kal B eivat -5%. Yriodetouue otL n
HEON TLUN TwV UETOXWV Elval (on ue 0%. Yo tnv umodeon tne KAVOVLKIG
Katavounc, va urtoAoyioete to VaR99% tou yaptopulakiou o€ opilovta 10
NUEPWV.
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Atia og kivbuvo (Value at Risk)

Hut-napapuetpikn Medodbdoc

"H Filtered Historical Simulation (FHS) peBodoAoyia cuvdualel Ta
TIAEOVEKTNATO TWV TIOPALETPLKWY KO LN-TIOPOLLETP LKWV
HeBOOwv.

=Y tnv nepimtwon 6NAadH OV £XOULLE OVATITUEEL EVOL LKOWVOTIOLNTLKO
uTtodetypa yia tTnv poBAsPn tne Stakupovonc Twv AmodO0oEwWV
aAAa 6ev elpaote olyoupol yia tTnv poPAsdn TNC UTTOKELMEVNC
KOITOLVOLNC.
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Atia og kivbuvo (Value at Risk)

Hut-napoapuetpikn Medodbdoc
Briuata
1. Ektipnon urnodeiypatoc dStakvpavonc (r.x., GARCH)

Re41 = Or41Ze41
0f 1 = w + Bof + aR?

2. YmoAoyllw TLC TUTTOTIOLNEVEC ATIOSOOELC

A Rt+1-1
Zii1-7 = yort=1,2,..,m

Ot+1—-1

3. Ymoloyilw to VaRp% wc¢ €N
VaR!,, = —o., Percentile{{Z;;,_.}, 100p}
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Atia og kivouvo (Value at Risk) - Backtesting

"Exovtac Aownov ektipnoeL to VaR tou xaptodpuAakiou
xpnotpornolwvtac dtadopa LovTEAa, Ba TPETEL VAL KAVOULE EAEYXO
yla tnv anodoon (performance) twv npoPAEPewV TOU TTAPAYOULV
QUTA TOL LOVTEAQ WOTE VA KATAANEOULLE O€ QLUTO TTou Ba
XPNOLLOTIOLIOOU LLE.

"OLmtpoPAEPeLC Ba MPEMEL vaL CUYKPLOOUV LLE TLC TIPOYLLATOTIOLNOELOEC
anodOoELC.

"OLntpoPBAcYPelc Sev nmpeMEL OUTE VOL UTMTOEKTLHOUV AAAQL OUTE KalL val
uTtePEKTLUOUV To VaR tou yoptodpuAakiouv.
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Atia og kivouvo (Value at Risk) - Backtesting

"H dradikacio mou afloAoyel Tic VaR mpoBAEYELC TTOU €XOUV TTAPAYEL TOL
dladpopa urtodeiypato Aeyetal backtesting.

"MpwTto BAHA €lval N KOTAOKELUN TNC XPOVOOELPAC TWV TOPAPLACEWV.

"Av 0 aplOUOC TwV apoBLacewv dev SLapEPEL ONUAVTIKA OITO TOV
QVOLLEVOULEVO, TOTE TO UTIOOELYO TTOL Ttaprnyaye to VaR Bewpeitol
ETIOLPKEC.

"Moapola avutd, XpeLol{OPOOTE OTATLOTIKOUC EAEYXOUC YLa val
arnodaciocovpe Pe akpifeLla oo UTTOOELY LA ELVOLL ETTALPKEC 1 OXL WOTE
va KataAn&éouue.
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Atia og kivouvo (Value at Risk) - Backtesting

"OL Lo OLadeOOEVOL OTATLOTLKOL EAEYXOL £XOUV AVATTTUXOEL armo touc
Kupiec (1995) kat Christoffersen (1998, 2003).

"0l OUYKEKPLUEVOL EAEYYOL EAEYYXOULV TA €ENC:

» AV 10 TT0000TO TWV napoBLacewv SlodpEPEL OTATLOTIKA CNUOVTIKA UE TO
avapevopevo (unconditional coverage).

» Av oL tapafLaoelc sival avefdptntec (conditional coverage), Snhadn av n
napofioon tn xpovikn otyun t+1 e€aptatal amno tnv nopaBiocn Tn XPOoViKN
oTlyun t.
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Atia og kivouvo (Value at Risk) - Backtesting

"0 delkTnC ou KataokevaleTal yLa TLC opaBLaocelc eival o a€nc:
(

1, if Vegr < VaRlet
It+1 = . 14

"H petaBAntn Twv mapapfldoswv akoAouvBel tTn SLWVU LKA KOTAVOUN
(binomial distribution).

"MNpwTa, TTPAYUOTOTIOLOULLE TOV EAEYXO:

"'Ornov p €lvol TO AVOLUEVOUEVO TIOCOOTO TWV MAPABLACEWYV KoL N cuVAPTNON
e\EyYoOUL €lval lon He:
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Atia og kivouvo (Value at Risk) - Backtesting

"'Ornov p €lvol TO AVOUEVOEVO TTOCOOTO TWV MAPABLACEWYV KoL N cuUVAPTNON
e\EyYou eival lon ue:

1-p)"*p* )

LRue = —2in ((1 — X/ NV (/N

Ormou x 0 apBuog twv napafracewv, N 0 aplBpog Twv MapATNPNOEWY KaL p =
1-VaR level.

" O Christoffersen aventuée to independence coverage test, To omoio eéstalel
av oL topafLacelc eivat aveéaptntec. H cuvaptnon eA€yxou eival n €€NC:

(1 . 7_L_)nOO_|_nlO7_L_7,L01_|_,’,L11 )

LR;,g = —2In
e ((1 — o)™ o™ (1 —myq)™ g™
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Atia og kivouvo (Value at Risk) - Backtesting

" O Christoffersen otn cuveyxela avemntuée to conditional coverage test, to omoio
g€etAlel TOUTOXPOVA AV OL TP APBLACELC £lvall (OEC UE TLC OLVOLEVOUEVEC KOLL OV
elval avetaptntec. H ouvaptnon eAeyyxou sival n €€nc:

LRce = LRyc + LRing
LR, = —21n((1 = p)N*p*) 4 2In((1 — mp)™ 1™ (1 — 1) my™
uc n(( P) p ) + n(( 7'[01) Toq ( 71-11) 11 )

"Omnou n*/ eival o aplOpoOC TwV MoPaBLACEWVY UE TN i N ortola akoAouBeital
arno tnvjywa i, j =0, 1 ko avtiotolyec miBavotntec untoAoyilovtol we €ENC:

n*J

TN i)
2 n

T[i,j

29/5/2026




PAPER: Modeling risk for long and short trading positions
Purpose

" Aims to investigate the accuracy of parametric, nonparametric, and
semiparametric methods in predicting the one-day-ahead value-at-risk (VaR)
measure in three types of markets (stock exchanges, commodities, and
exchange rates), both for long and short trading positions.

Design/methodology/approach

"The risk management techniques are designed to capture the main
characteristics of asset returns, such as leptokurtosis and asymmetric
distribution, volatility clustering, asymmetric relationship between stock
returns and conditional variance, and power transformation of conditional
variance.
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PAPER: Modeling risk for long and short trading positions
Findings

"Based on back-testing measures and a loss function evaluation method, finds
that the modeling of the main characteristics of asset returns produces the
most accurate VaR forecasts. Especially for the high confidence levels, a risk

manager must employ different volatility techniques in order to forecast
accurately the VaR for the two trading positions.

Practical implications

"Different models achieve accurate VaR forecasts for long and short trading
positions, indicating to portfolio managers the significance of modeling
separately the left and the right side of the distribution of returns.
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PAPER: Modeling risk for long and short trading positions
Models

" Although the GARCH (1,1) model captures the volatility-clustering

phenomenon, it could not explain the asymmetric relationship between
returns and conditional variance.

"Nelson (1991) proposed the exponential GARCH, or EGARCH (1,1) model,
which accommodates the asymmetric effect.

" Glosten et al. (1993) presented the TARCH (1,1) specification, where good
news and bad news have different effects on the conditional variance.
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PAPER: Modeling risk for long and short trading positions
Parametric

" GARCH-type models

®Several conditional variance models, where innovation are assumed to be
distributed differently

Non-parametric

" Historical Simulation
Semi-parametric

"Filtered Historical Simulation

" Several conditional variance models, where innovation are assumed to be
distributed differently
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PAPER: Modeling risk for long and short trading positions
Evaluation framework

"They employ a two-stage procedure to evaluate the various risk management
techniques.

"|n the first stage, two back-testing criteria (unconditional and conditional
coverage) are implemented to examine the statistical accuracy of the models.

" Kupiec and Christoffersen tests on violations

"|n a second stage, we employ a forecast evaluation method to investigate
whether the differences between the VaR models that exhibited sufficient
unconditional and conditional coverage are statistically significant.

" Lopez (1999) proposed an evaluation based on a loss function approach:

( 2 . . .

v 1+ (VaRyqr — ve41)” if a violation occurs

. — ,
T .

() otherwise

\
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PAPER: Modeling risk for long and short trading positions
Evaluation framework

"The magnitude term ensures that the larger the failure is the more the penalty
added to a model.

" According to Lopez’s loss function, a model that minimizes the total loss, is
preferred over the others.

Forecasting framework

"They generate out-of-sample VaR forecasts for two equity indices (S&P500 and
FTSE100), two commodities (Gold and London Brent Crude Oil Index) and two
exchange rates (USS to Japanese ¥ and USS to UKE)

" And they calculate the 95 percent and the 99 percent VaR for long and short
trading positions.
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PAPER: Modeling risk for long and short trading positions
Results

"The VC method underestimates the “true” VaR, since portfolio returns exhibit
excess kurtosis relative to that of the normal distribution.

" On the other hand, the RiskMetrics method is more appropriate than VC, as

for the 95 percent confidence level the exception rates are statistically equal
to the theoretical values.

" More sophisticated techniques that accommodate the features of financial
time series are needed to calculate the one-day-ahead VaR.

"The volatility specifications, which parameterize the leverage effect for the
conditional variance and the asymmetry of the innovations’ distribution,
forecast the VaR at the 99 percent confidence level more adequately.
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PAPER: Modeling risk for long and short trading positions
Results

"n terms of the coverage tests, the FHS procedure combined with a
GARCH(1,1) updating-volatility technique offers a major improvement over
both the parametric and the nonparametric methods, as the exception rates
are close to the theoretical ones for both trading positions.

"However, no model seems to produce systematically globally acceptable VaR
estimates for all securities, trading positions, and confidence levels.

Conclusion

" Assuming normality for the conditional return distribution, we forecast
accurately the one-day-ahead VaR at the 95 percent confidence level.
However, gains in forecasting the 99 percent VaR with models that allow for
asymmetries either in the conditional return distribution or in the volatility
specification are substantial.

29/5/2026




PAPER: The Use of GARCH Models in VaR Estimation
Purpose

1. to implement several volatility models under three distributional
assumptions and four historical sample sizes in order to estimate the 95%
and 99% one-day VaR for five completely diversified equity index portfolios
(S&P 500, Nikkei 225, FTSE 100, CAC 40 and DAX 30).

2. to evaluate the predictive accuracy of various models under a risk
management framework. We employ a two stages procedure to investigate
the forecasting power of each volatility forecasting technique.

" |n the first stage, two backtesting criteria are implemented to test statistical
accuracy of the models.

"In the second stage, we employ standard forecast evaluation methods in
order to examine whether the differences between models (which have
converged sufficiently), are statistically significant.
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PAPER: The Use of GARCH Models in VaR Estimation
Methodology

1. They estimate several GARCH models with different assumptions for the
relevant distributions

2. Evaluation based on UC, IND, CC

" UC for different evaluation sample sizes

Confidence level Evaluation sample size
250 a0 7ol 1000
A [ TEN <19 1T<N<35 21<N<49 3B<N <64
1% | 1<N <6 2<N<9 3=N<13 5H=<N<I16
0.5% | 0<N<A4 1< N <6 1< N <8 2<N <9
0.1% [ 0<N <1 D<N<2 D<N<3 D<N<3
0.01% | 0= N <0 D<N =10 D<=N<1 D<N <1

Table 1: Unconditional coverage "no rejection” regions for a 5% test size.
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PAPER: The Use of GARCH Models in VaR Estimation
Evaluation — loss function

"The VaR forecast must neither overestimate nor underestimate the “true” VaR
number as, in both cases, the financial institution allocates the wrong amount
of capital. In the former case, regulators charge it a higher than really needed
amount of capital, worsening its performance; in the latter, the regulatory
capital set aside may not be enough to cover it from market risks.

" Consequently, the “true” but unobservable VaR is proxied using the empirical
distribution of future realized returns. The proposed loss function, named
Quantile Loss (QL) function, has the following form:

9

v e — VaRy,1)°, ity < VaRyy g
o :Percent-ile(y, 100p)!" — VaR, 4 r] o, ity = VaR; .
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PAPER: The Use of GARCH Models in VaR Estimation

sS&P 500
5% daily VaR forecasts 99% daily VaR forecasts
Model Size Dhistr. [.os= Value t-stat. Model Sige | Distr. | Loss Value t-stat.
AR(1) EGARCH(0,1) [ 2000 T 5.61% - AR(1) GARCH(D,1) a00 T 16, 005% -
AR(1) EGARCH(D,1) | 1500 T 6.51% -1.95%*= [ AR(1) EGARCH{0,1) 500 T 16.04% (.08
AR(1) GARCH(0,1) 1500 T 7. 10% —4.13* AR(1) EGARCH{0,1) | 1500 T 17.03% (.51
AR(1) GARCH(D,1) 2000 T 7. 28% -3.76%* AR(1) EGARCH(0.1) | 1000 T 17.24% -1.05
AR(1) EGARCH(0,1) | 1000 T 7.54% -4.83 AR(1) GARCH(0,1) 1000 T 18.21% -1.090***
AR(1) EGARCH(D,1) 500 I T.54% -4.63* AR(1) EGARCH(D.1) | 2000 T 18.24% -1.39
NIKKEI 225
95% daily Val forecasts 9% daily VaH forecasts
Model Size Distr. [.os= Value t-stat. Model Sige | Distr. | Loss Value -stat.
AR(1) GARCH(0,1) 500 GED 4.8B5% - AR(1) EGARCH{0,1) | 1500 [ GED 4 2R -
AR(1) GARCH(D,2) 104 GED 5.41% -2.34%* AR(1) EGARCH(0.1) | 1000 | GED H.08% -3.66*
AR(1) TARCH(D,2) 1000 GED 5.64% _2 .82 AR(1) EGARCH(D.1) | 2000 | GED h.61% -5.40%
AR(D) GARCH(0,2) 1000 | Normal 5.72% -1.53 AR(1) EGARCH{0,1) S00) GED 6.71% -4.56*
AR(1) GARCH(D,2) 500 GED 5.095% 4.11% AR(1) EGARCH(0.2) | 1500 | GED 7.31% -T.75
AR(1) EGARCHI{2,1) 500 GED 6.07T% -3.61* AR(1) EGARCH{0,2) | 1000 | GED T.37% -5.06G*
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PAPER: The Use of GARCH Models in VaR Estimation

DAX 30
95% daily VaR forecasts 90% daily VaR forecasts
Model Size Distr. [.oss Value t-stat. Model Size | Distr. | Loss Value t-stat.
AR(1) EGARCH(0,1) | 2000 T T.30% - AR(1) EGARCH(0,1) | 2000 T 22.08% -
AR(1) EGARCH{0.1) H00 T 11.86%; -R.21* AR(1) EGARCH({0,1) | 1500 T 7. 4T% -4.37*
AR(1) GARCH(D.1) 1500 I 13.20% -T.17* AR(1) EGARCH({0,2) | 2000 T 35.10% -T7.13*
AR(1) GARCH(D.1) 2000 T 14.64% -4.01* AR(1) GARCH(D,1) 1500 T 38.26% -B.AT*
AR(1) GARCH(0,1) 1000 T 15.34% i AR(1) EGARCH{D.1) 500 T 40.70% -TAT*
AR(1) TARCH(0,1) 2000 I 15.65% -5.71%* AR(1) GARCH(D,1) 2000 T 41.20% -5.18*
CAC 40
95% daily VaR forecasts 90% daily VaR forecasts
Model Size Distr. [.oss Value t-stat. Model Size | Distr. | Loss Value t-stat.
AR(1) EGARCH{0,1) | 2000 T 3.96% - AR(1) GARCH(0,2) 2000 T 21.66% -
AR(1) EGARCH(0D.1 1500 T 4.73% -7.54* AR(1) GARCH(D,2) 1500 T 26.34% -12.50*
AR(1) EGARCH(0,2) | 2000 I 4.81% -4.00* AR(1) EGARCH({1,2) | 2000 T 27.85% -H.AR*
AR(1) GARCH(D.1) 2000 T 5105 -3.80¥ AR(1) EGARCH(1,1) | 2000 T 27.095% -5.86*
AR(1) GARCH(D.1) 1500 T 5.44% -5.h3* AR(1) EGARCH(2,1) | 2000 T 27.06G% -5.68*
AR(1) EGARCH(0,2) | 1500 I 5.56% -G.38* AR(1) GARCH(1,1) 1500 T 30.37T% -5.48*
FTSE 100
5% daily VaR forecasts 99% daily VaR forecasts
Model Size Distr. Los=s Value t-stat. Model Size | Distr. | Loss Value -stat.
AR(1) GARCH(0,1) 1500 T 6. 3059% - AR(1) EGARCH(2,1) | 1500 T 23.19% -
AR(1) GARCH{(D.2) 1500 T 7. GES -5.14* AR(1) EGARCH(1.,2) | 1500 T EE 32% -(.60
AR(1) EGARCH({1,2) | 1500 T 7. T -3.66* AR(1) EGARCH(1,1) | 2000 T 23.68% -0.92
AR(1) EGARCH(1,1) | 1500 T T.T2% ~4.13* AR(1) EGARCH({1,2) | 2000 T 23.75% -1.06
AR(1) EGARCH(1,1) | 2000 T T.TO% -3.76* AR(1) EGARCH({2,1) | 2000 T 23.80%% -1.20
AR(1) EGARCH({1,2) | 2000 T T.85% -3.65* AR(1) GARCH(1.1) 1500 T 26.19% -1 . 5a%*
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PAPER: The Use of GARCH Models in VaR Estimation
Findings

"The study shows that the more flexible a GARCH model is, the more adequate

it is in volatility forecasting, compared to parsimonious models, and that holds
for all indices, all distributional assumptions and all confidence levels.

" Asymmetric models fare better than symmetric ones, as they capture more
efficiently the characteristics of the underlying series.

" A restricted sample size could generate more accurate one-step-ahead VaR
forecasts, since it incorporates changes in trading behaviour more efficiently.
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BIS: Supervisory framework for the use of “backtesting”

"H evéonuepnota dtanpayudatevon telvel va aUEAVEL TN HETABANTOTNTA TWV
QTTOTEAECUATWY CUVAAAOYWV KOl UTTOPEL VoL 06NYNOEL OE TIEPUTTWOELG OTIOU TO
OUVOALKO amoteleopa uTtepBaivel To HETPO KvOUVOU.

" Aedopévou OTL Ta Egoda amo npoundeieg cuvnBwc dev neplhapfavovtal
OTOV UTTOAOYLOUO TOU HETPOU KWvdUVOoU, N cuumepiAny i Toug oto amoteAeopa
ouvaAAoywv Ttou XpnoLpomolLeitol oto backtesting pumopel va cuykaAU P el
aduvapiec Tov umodeilypatoc HETpNong kwduvou.

" To Aaioto backtesting mpoBAEMEL TUTTIKO EAEYXO KAl KATOYPOAPN TWV
napaBilaocswy o€ tplunviaia Baon, Ue xpnon twv TAEOV TPOTPATWYV OTOLXEIWV
Sdwdeka unvwv.

" H ertonttikn apxn XPNOoLUOTTOLEL TOV aplUUO TwvV urtepBaoswy, 250
TP ATNPNOEWV, TTOU TTOPAYOVTAL ATTO TO UTTOOELyU TNG Tpamnelac wc¢ Baon yla
TNV EMONTIKN avtibpaon,.
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BIS: Supervisory framework for the use of “backtesting”
Description of three-zone approach

A5 T0 avTiOETO AKPO, TA ATTOTEAEOMATA Elval EEOLPETLKA aTmiBavo va €xouv
npokUPeL amo akplfec umtodeypa kat n ritbavotnta ecpaApevng amoppdng

akpLBouc urtodeilypatoc eival mepLopLopeVn (KOKKvn {wvn).

" Metagl twv dvo akpwv Bploketal n {wvn OOV TA ATTOTEAECOTO TOU
backtesting pmopet va eival cuppata ite pe akplpn eite pe pn akpBn
vrtodeiypata. O emomtng Ba npemeL va {NTA POoOEeTN TEKUNPLlwOoN TIPLV Ao
™ AP n pEtpwy (kitpvn {wvn).
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BIS: Supervisory framework for the use of “backtesting”
Description of three-zone approach

Lone Number of Increase in Cumulative
exceptions scaling factor probability

0 0.00 8.11 %

1 0.00 2858 %

Green Zone 2 0.00 54 32 %
3 0.00 75.81 %

4 0.00 8022 %

5 0.40 0588 %%

& 0,50 08.63 %

Yellow Zone 7 0.65 00 _ 60 %
8 0.75 00 50 %

o 0.85 00 07 %

Eed Zone 10 or more 1.00 00 00 %
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BIS: Supervisory framework for the use of “backtesting”
Description of three-zone approach

" Evtoc NG Kitpvng {wvng, o aplBuoc twy mopaPLacswyv Bo pEMEL KATA Kovoval
va KaBodnyetl 1o péyeboc Bavwy EMOTITIKWY TTPOOOUENTCEWY OTNV
kepaAoiakn anaitnon.

"Ta anoteAéopata backtesting otnv kitpvn {wvn yevikad cuvemayovtal avénon
TOU oUVTEAEOTH TIOAAATTAQLCLOLO IOV, EKTOC €AV N Tparmela amodeifel OtL N
avénon &ev dikaloloyeital.

"o TNV aéloAoynon tou umtodeiypatog pnopel va amattouviol mPOcOEeTeC
nAnpodopiec, WOiwcg otav oL napafLlacelc dev mapexouv cadn EvoeLén yia tnv
TOLOTNTA TOU OVTEAOU.

"|SLaitepa xpnotpa eival ta backtests oe emipepouc SpactnPLOTNTEC
ouvaAAaywy, ava povada dlampaypatevuong, napayovia Kivouvou n
Katnyopia mpoiovtoc.or product categories.
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BIS: Supervisory framework for the use of “backtesting”

Classifying the exceptions generated by a bank’s model into these categories
can be a very useful exercise.

Baocikn axspaiotnta tov vmwoosiyuaToc

1) To cuotriuato ¢ TPATECOS OEV ATOTLITMVOLY ETAPKMDOC TOV KIVOLVO T®V 1010V

TV 0Ecemv, T.y. OTav 01 OEGELC VTOKATUGTUOTOS GTO ECMTEPTIKO AVAPEPOVTL
EGOUALEVOQL.

2) H petafAntdtnta /Kot 01 GLGYETICELS TOV VTOOEIYUATOC £YOVV VITOAOYIGTEL
ECOOALEVA, TT.Y. OTAV TO cLuoTNUA Otdlpel pe 250 kdbe ypovo.
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BIS: Supervisory framework for the use of “backtesting”

Classifying the exceptions generated by a bank’s model into these categories
can be a very useful exercise.

Avvatotnta Peitiovnenc tnc axpifEloc TOV DTOOEIYUATOC

3) To vooEryOL LETPMOTNS KIVOVUVOD OEV AELIOAOYEL OPICUEVO LECOL LLE ETOPKT)
akpifera.

AToYnc coYKLPIO 1 KIVRGEIS AYOPOC U TIPOPAETTOUEVES ATTO TO VTTOOEIYUA

4) Toyaio yeyovog, onAoon cvuPdv moid yaunAine mbovotntog.

5) Ot ayopég kivnOnkav tep1ooOTEPO AmO 0G0 TPOEPAETE TO LIOOELY LA, ONACON
N HETAPANTOTNTO NTOV GNUOVTIKA DYNAOTEPT) OO TNV AVOLLEVOLEVT).

6) Ot ayopéc ogv KivnOnkay amd Kovon OmmS aVOUEVOTAV, ONANOT) Ol GLGYETIGELC
OLEPEPOV CTUAVTIKA OTTO TIS TOPAOOYES TOV VITOOELYLATOC.
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BIS: Supervisory framework for the use of “backtesting”

Classifying the exceptions generated by a bank’s model into these categories
can be a very useful exercise.

Evoonuspnoia oianpoyuartsoon

7) Znueimdnke peyain tmutoyovog petaoAin otig 0€ceic e tpdmeloc Hetacy
TOV TEAOVC TNG TPOTNG NUEPAS, OTAV DTOAOYIGTNKE 1 EKTIUNGT KIVOUVOL, KOl TOV
TEAOVC TNG OEVTEPNC NUEPOAS, OTAV KOATAYPAPNKAV TO, ATOTEAEGLOTO GLVOAAAYOV.

[l tnv emtBoAn N un avénonc¢ otnv kepaAatakn anaitnon, o ENOTTNG UMOPEL
VO OTOOULOEL TOUC OVWTEPW TIAPAYOVTEC, KABWC KAl TNV TAPNCN TWV MOLOTIKWVY
npotunwyv dlaxeiploncg Kivduvwy. Me Baon tnv npocbetn nAnpodopnon,
anodacilel TNV KATAAANAN ETIOMTIKA EVEPYELAL.
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BIS: Supervisory framework for the use of “backtesting”

Classifying the exceptions generated by a bank’s model into these categories
can be a very useful exercise.

"€ avtiBeon pe tnv Kitplvn {wvn, OTTOU 0 EMOTTNG AOKEL Kplon, Ta
QATMOTEAEOHOTA OTNV KOKKLVN {wvhn, OnAadn dEka 1 TtEpLOCOTEPEC TTOPAPBLACELC,
onUailvouv aUTopATWE IPOPBANUA oTto UTIOdELYMA TNG TpATtelaC.

1. O enomtnec Ba mpPEMeL var AUEAVEL QUTOLATWE TOV CUVTEAEDTH
rnoAAarmAacLo.opoU Ttou epappoletal oTo UTIOOELY QL.

2. NopdAAnAa, Bo pEmeL va SLEpEUVWVTOL OL OLTIEC TOU PEYAAOU apLlOpoU
QOTOXLWV Kall vo artatteitol apeon PeAtiwon tou untodeiypatoc. 2
£EOILPETLKEC TIEPUMTTWOELG, OTtwE N COVID-19, oL mapaLaoeLc pmopet va
aéloAoyouvTtal UTIO LOLKO Tiplopa.
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