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Ceny akcii

o Tyzdenneé ceny akcii (kniznica z cvicenti)

e Vypocitame spojité vynosy:

Tibrary({quantmod)

Tibrary(astsa)

getsymbols ("EBAY", from="2010-01-01", to="2014-12-31", auto.assign=TRUE)

EBAY <- to.weekly(EBAY)
vynosy <- diff(log(EBAYSEBAY.Adjusted))[-1] # vynechame NA na zaciatku

B0~ o g B

chartSeries (vynosy, theme="white")

o Na cviCeni na zaiatku semestra sme analyzovali
autokoretie takychto dat
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Vynosy

e Priebeh vynosov:
vynosy [2010-01-15/2014-12-31]

Last 0.0040682285088014
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Vynosy akcii: Black-Scholesov model

o Black-Scholesov modd€ finantna mat., PDR):
dS = pSdt + oSdw,
kdew je Wienerov proces.

o EXistuje explicitné vyjadrenie pre cenu akciease: :

S, = Soe(u—l/Z o) t+ow;

o Vynosyv Black-Scholesovom modeli:

vynos; = In (Sfrtm> = (u—1/2 JQ)At + o Aw

= nezavislé s rozdelenim ((n — 1/2 o) At, 0? At)
e Model precasovy rad vynosov:
VYNOoSt = C + Uy,
kdeu je biely Sum Modelovanie volatility - ARCH a GARCH modely — p.4/33



Vynosy akcii: nase data

o Podla ACF by to mohol byt biely Sum
Series: vynosy
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Vynosy akcii: nase data

o Vynosy modelujeme bielym Sumom:

12 modell<-sarimalvynosy,0,0,0, details=FALSE)
13 acf2(modellifitiresiduals) # to 1ste ako acf2(vynosy) -> ok
14 acf2(modellifitiresiduals”r2) # -> PROBLEM

— rezidua su vynosy posunuté o konstantu

o Ak je absolutna hodnota rezidua mala, taksiaou
nasleduje reziduum tiez s malou absolutnou hodnotou

o Podobne za reziduom s velkou absolutnou hodnotou
nasledujecasto reziduum s velkou absolutnou
hodnotou - mOze byt kladné aj zaporne, preto sa tato
vlastnost’ na autokorelacii neprejavila

o Druhé mocniny budu zrejme korelova(pre biely Sum
to ale neplati)
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Vynosy akcii: nase data

o Autokorelaciadruhych mocnin:
Series: model1%fit$residuals*2

03
:

ACF
0.1
1

0.1

— signifikantna autokorelacia

o OTAZKA:
Aky model dokaze zachytit takéto vlastnosti?
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Vynosy akcii: nase data

o Mozné vysvetlenienekonstatna disperzia

vynosy [2010-01-15/2014-12-31]
Last 0.0040682285088014 | o4n
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ARCH a GARCH modely

e u Nie je biely Sum, ale
Ut = %2 Nt
kden je biely Sum s jednotkovou disperziou; teda
ug ~ N (0, 0,52)

o ARCH model(autoregressive conditional

heteroskedasticity) - rovnica pre disperzit

2 2 2
Op =W+ a1U_q + ... 0qU_g

o Ohrantenia na parametre:
o na zabezpeenie kladnosti disperzie:

w>0,01,...,04-1 2 0,4 >0

o kvOli stacionarite:
ap +...tog <1
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ARCH a GARCH modely

o Nevyhody ARCH modelov:
o maly paetclenovu? . Casto nesté - vo Stvorcoch
rezidui je stale autokorelacia
o pri vatsom pa@te Clenov su koeficientgasto

nesignifikantné alebo nels@aju uvedené
ohrantenia na parametre

o ZovSeobecnenigsARCH modely- odstraiuju tieto
problémy
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ARCH a GARCH modely

o GARCHY(p,q) mode(generalized autoregressive

conditional heteroskedasticity) rovnica pre disperziu

2.
Ot'

2 2 2
Oy = WToqU_q+t ...+ QqUy_g

+B107_1 + ... + Bpoiy,

e Ohrantenia na parametre:
o na zabezp&enie kladnosti disperzie:

w>0,01,...,04-1 > 0,y >0

617"'76]?—1 2076p>0

o kvOll stacionarite:
(a1 4+ ... +ay) +(B1+...6p) <1
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GARCH modely v R-ku

o Modelovanie vynosov YHOO - pokcavanie
o V R-ku:

o kniznica
o funkcia ; model sa pisSe v tvare napr.
o parametromni Zrusime vypisovanie

podrobnosti ohfadom konvergencie
optimaliza&ného procesu

o Odhadujeme modddonsStanta + Ssunma modelovanie
sumu skusimé&RCH/GARCH modely
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ARCH(1)

o Odhadovanie ARCH(1) modelu:

16
17
18
19
20
21

# arch(1l) = garch(1,0)

model10 <- garchFit(~garch(1,0), data=vynosy, trace=FALSE)

stand.rez <- modell0Gresiduals/modell0@sigma.t # standardizovane rezidua
acf2(stand.rez)

acf2(stand.rez/2)

summary (model10)

e ZObrazime teda:

1.
2.
3.

ACF standardizovanych rezidui
ACF standardizovanych druhych mocnin rezidui

s testami o Standardizovanych reziduach
a ich druhych mocninach
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GARCH modely v R-ku

o Pristup k uzitenym hodnotam:

o - fitované hodnoty

o = rezidua

o - odhadnuta variancia

o - odhadnuta Standardna odchylka

o Standardizované rezidu&ezidua vydelené ich
Stadardnou odchylkoumaju byt bielym Sumom

o Takistoich druhé mocniny maju byt bielym Ssumom
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ARCH(1)

e Rezidua:

Series: stand.rez
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ARCH(1)

o Druhé mocniny:

ACF
03

0.1

0.1

Series: stand.rez”2

I r I [ 1 T
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LAG
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Testovanie rezidui

o Testy:

standardised Residuals Tests:
Statistic p-value

Jarque-Bera Test R Chia2 29.18907 4.588523e-07
Shapiro-wilk Test R W 0.9821336 0.002392983
Ljung-Box Test R Q({10) 12.29485 0.2658079
Ljung-Box Test R Q(15) 21.08263 0.1342099
Ljung-Box Test R Q{20) 28.34245% 0.1015375
Ljung-Box Test RAZ QC10) 27.55866 0.002123322
Ljung-Box Test RAZ Q(15) 44.23218 0.0001011277
Ljung-Box Test RAZ Q(20) 46.02944 0.0007985573
LM Arch Test R TRAZ 25.98164 0.01079828

o Je tu: testovanie normality, Ljung-Box pre
Standardizované rezidua a ich druhé mocniny

« Co je novétestovanie homoskedasticity v tychto
reziduach
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RCH(2)

o Skusime ARCH(2) - vysledky testov:

Standardised Residuals Tests:
Statistic p-vValue

Jarque-Bera Test R Chia2 34.65834 2.978778e-08
Sshapiro-wilk Test R W 0.9814854 0.001841151
Ljung-Box Test R Q(10) 10.75724 0.3767411
Ljung-Box Test R Q(15) 19.54396 0.1901334
Ljung-Box Test R Q({20) 26.93409 0.1371285
Ljung-Box Test RAZ 0Q(10) 14.11704 0.1677196
Ljung-Box Test RAZ2 0Q(15) 27.9337  0.02198778
Ljung-Box Test RAZ2 0QC20) 30.13048 0.06776678
LM Arch Test R TRAZ  20.09535 0.06530357
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RCH(3)

o ARCHY(3) - vysledky testov:

Standardised Residuals Tests:
Statistic p-value

Jarque-Bera Test R ChiAa2 33.88186 4.391851e-08
Shapiro-wilk Test R W 0.9816512 0.001968254
Ljung-Box Test R Q(10) 10.70552 0.3809165
Ljung-Box Test R 0(15) 19.44674 0.1941989
Ljung-Box Test R Q(20) 26.77638 0.1416733
Ljung-Box Test RAZ2 0QC10) 14.01256 0.1724194
Ljung-Box Test RAZ 0Q(C15) 27.74511 0.02322011
Ljung-Box Test RAZ 0Q(C20) 29.97015 0.07033882
LM Arch Test R TRAZ 20.00903 0.06691536
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RCH(4)

o ARCH(4) - vysledky testov:

Standardised Residuals Tests:
Statistic p-value

Jarque-Bera Test R Chia2 12.79082 0.001669201
Shapiro-wilk Test R W 0.9880808 0.0302226
Ljung-Box Test R Q(C10) 10.54746 0.3938435
Ljung-Box Test R Q(15) 18.98255 0.2145258
Ljung-Box Test R QC20) 26.02379 0.1650277

0

0

0

0

Ljung-Box Test RAZ 0QC10) 14.41393 .1549343
Ljung-Box Test RAZ  0Q(15) 21.97894 .1083574
Ljung-Box Test RAZ Q(20) 23.88737 2473466

LM Arch Test R TRAZ  18.14053 .1114896

e Vreziduach aniich drunych mocninach uz nie je
autokorelacia.
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ARCH(4)

e ACF druhych mocnin:

Series: stand.rez”*2

0.3

ACF
0.1
l

-0.1

— bez signifikantne] autokorelacie
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ARCH(4)

o Ale ARCH koeficienty o; nie su signifikantne:

Error Analysis:
Estimate

mu 4
omega 1.
alphal 3.
alphaz 1.
alpha3 1.
alphad 1.

.022e-03

170e-03
839e-02
259e-01
000e-08
098e-01

signif. codes:

Sstd. Error t value Pr(>|t|)

2.433e-03 1.653  0.0983 .

2.003e-04 5.842 5.16e-09 ==*=

1.250e-01 0.307 0.7587

8.058e-02 1.563 0.1181

1.475e-01 0. 000 1.0000

8.052e-02 1.364 0.1726

fEEET 0,001 <= 0.01 ¢ 0.05 .7 0.1 ° "1
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GARCH(1,1)

o Skusme GARCH(1,1):

44 # garch(1,1)

45 modelll <- garchFit(~garch(1,1), data=vynosy, trace=FALSE)

16 stand.rez <- modelll@residuals/modelll@sigma.t # standardizovane rezidua
47 acf2(stand.rez)

48 acf2(stand.rez/,2)

49  summary(modelll)
&N

o Testy:

Standardised Residuals Tests:
Statistic p-value

Jarque-Bera Test R Chia2 11.47005 0.003230806
Shapiro-wilk Test R W 0.987312 0.02152423
Ljung-Box Test R Q(10) 10.26988 0.4171434
Ljung-Box Test R Q(15) 17.86043 0.2700744
Ljung-Box Test R Q(20) 23.83093 0.2498554
Ljung-Box Test RAZ QC10) 9.549341 0.4808792
Ljung-Box Test RAZ Q(C15) 17.0167 0.3178669
Ljung-Box Test RAZ 0Q(C20) 19.01346 0.5209512
LM Arch Test R TRAZ 12.16882 0.4322184
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GARCH(1,1)

o Odhadnuté koeficienty:

Error Analysis:

Estimate 5Std. Error t value Pr(>|t]|)
mu 3.262e-03 Z2.351e-03 1. 388 0.1652
omega 2.428e-05 3.596e-05 0.675 0.4994
alphal 4.334e-02 2.401e-02 1.805 0.0711 .
betal 9.39e-01 3.923e-02  23.954  <2e-16 =*=

Signif. codes: 0 *#===7 Q.001 **=° 0.01 "= 0.05 .7 0.1 " " 1
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Odhadnuta standardna odchylka

o Vieme ju ziskat pomocorsigma.t

model11@sigma.t

0030 0040 0050 0,060

| | | 1 | I
0 50 100 150 200 250
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Odhadnuta standardna odchylka

o Iny pristup k niektorym grafomz

> plot{modelll)
Make a plot selection (or 0 to exit):

Time Series

Conditional sSD

series with 2 Conditional SD Superimposed
ACF of Observations

ACF of Sguared Observations

Cross Correlation

Residuals

Conditional SDs

standardized Residuals

10: ACF of standardized Residuals

11: ACF of Squared Standardized Residuals
12: Cross Correlation between rA2 and r
13: 00-Plot of Standardized Residuals

W00~ L Ll P

selection:
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Predikcie

o Predikcie pomocou funkcigredict parameten.ahead
urcuje paet period

57 # predikcie
58 predikcie <- predictimodelll, n.ahead=12, plot=TRUE)

.| Plot Zoom =L ﬂ
Prediction with confidence intervals
o R
o
= |
> o ' 111
o V |
/ g
w A
S = b o L
— %o+ 1;5T MSE | 1 |
0 20 40 60 80
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Predikcie

o Parameteromx vieme zmenit paet peridd z dat,
ktoré sa vykreslia (terazx=100

Prediction with confidence intervals

{/(\ A

t-h -
.~ 1.96¥MSE \;

Xin + 1.968MSE
I I 1 I |

0 20 40 60 80 100

0.05
1
= i

-0.05

h-:l{ =

0.00
1
=

-

—
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Predikcie

o Predikovany vyvoj Standardnej odchylky:

61 # predikovana standardna odchylka = 3. zlozka objektu predikcie
62 plot{ts(predikcie[3]))

-

# | Plot Zoom |

[ A

standardDeviation

0.0310 0.0318
|

A s T
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Predikcie

o Predikovany vyvoj Standardnej odchylky pre dlhSie
obdobie -Comu sa rovna limita?

64 # pre dlhsie obdobie
65 predikcie500 <- predictimodelll, n.ahead=500)
66 plot(ts(predikcie500[3])) # comu sa rovna limita?

5| Plot Zoom l — El-!

0.035

N R e

standardDeviation

0.031

0 100 200 300 400 200
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Aplikacia: Value at risk (VaR)

e Value at risk (VaR)e vlastnekvantil
o Nech X je hodnota portfdlia; potom

P(X <VaR) = «,

napr. prex = 0.05

o Standardne GARCH predpokladarmalne rozdelenie
(daju sa odhadovat' aj iné rozdelenia) - vieme ipat
kvantily

o Nedostatky:
o predpoklad normality
o sU a lepsie miery rizika ako VaR
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Aplikacia: Value at risk (VaR)

o NA CVICENI:
o Zatnime po N hodnotach vynosov
o Odhadneme GARCH model.

o Spravime predikciu pre Standardnu odchylku a
POMOCOU Nej zostrojimeaR pre vynos na
nasledujuci tyzde

o Kazdy tyzdé posunieme okno s datami (mame
nove pozorvanie) odhadneme znovu GARCH a
vypocCitame nové/aR
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Ine modely pre volatilitu

e Threshold GARCH
o wu; > 0-"good news", u; < 0 - "bad news'
o TARCH umozuje, aby mali na volatilitu rozny
vplyv
o leverage effect: vacsi vplyv na volatilitu majlbad
news
o Nemodelujeme disperziu (ako v ARCH/GARCH
modeloch), ale
o JeJ logaritmus— exponential GARCH

o lubovonu mocninu Standardnej odchylky power
GARCH

e adalsie...
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