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Assignment 4

1. Select two assets from two different sectors and download the last-year historical daily
prices. Using the first 11 months (train data), calibrate 2-3 ARIMA models and examine
the mean forecasting performance for each one of the approaches using the last-month
data (out-of-sample or test data) by means of the mean squared error.

2. Consider that the random variable x; is described by following process: Ty = Ey
with:
(a) &, ~ N (0,1)
(b) €t = OWy, Wi v N (O, 1) 5 0';? = o+ /88?_1

(C) €t = OtW¢, Wt~ N (07 1) . Ut2 = @ 1 ﬁ€t2—1 T 70-152—1

e Comment on each specification (main features).

e Simulate a path (1000 values) for z; using each specification and compare the
models empirically.
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Assignment 4 (1)

getSymbols( 'AAAPL' ,src="yahoo', from="2021-11-@5"
Jperiodicity = 'daily')
AAPL<-AAPL| ,6&]

ml<-arima AAPL_train,order
mZ<-arima AAPL_train,order
m3<-arimal AAPL_train,order
md<-arimal AAPL_train,order
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L<-length{ AAPL)

m«<-21
AAPL_train=AAPL[1:(L-m)]
AAPL_test=AAPL|[(L-m+1):L]|

ml_test<-arimalAAPL_train,
mZ_test<-arimal AAPL_train,
m3_test<-arimal AAPL_train,

md_test<-arimal AAPL_train,

orders
order=
orders=
order=

c(1,1,8
c(@,1,1
o B 8 |
c(®,1,0

O, fixed=mlicoef)
3, fixed=m25icoef)
3, fixed=m3Sicoef)
3, fixed=mdSicoef)

Al--accuracy(ml_test)

Al<-accuracy(ml_test)
Ad<-accuracy(mi_test)
Ad<-accuracy(md_test)

> RMSE

[1] 3.259902 3.259898 3.221729 3.259925

RM>E<-c(AlL,Z2],AZl,21,A3],21,A40,2])
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Sample Quantiles

Assignment 4 (2b)

Normal Q-Q Plot

Theoretical Quantiles

Applied Financial Econometrics / Class 6: Reviewing the course contents and assignments + GARCH modelling

Volatility

1.5 2.0 25 3.0

1.0

0.0 0.5

s2<-rep(@,1000); e<-rep(d, 1000 )

alpha@<-8.1; alphal<-8.6

for (1 1n 2:1000) {
s2[1]<-alpha@+alphal*(e[i-1])**2
eli1l<-sqrt(sZ2[i]|)*rnorm{1)

plot(sqrt(sZ),type="1",vlab "Volatility')

gagnorm(e’: gqlinele)
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Sample Quantiles

Assignment 4 (2c¢)

Normal Q-Q Plot
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Theoretical Quantiles
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S<-rep(@,1000): e<-rep(d,1064)

[alpha@<-@.1; alphal<-8.6; betal<-8.25

for (1 in 2:1008) {
s2[1]<-alpha@+alphal*(e[1-1])**2+betal*(s2[1-1])
eli]l<-sgrt(s2[i])*rnorm(1)

plot(sqrt(s2),type="1",ylab="Volatility")

agnormie); qqline(e)
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ARCH test

install.packages( "aTSA")
fat]
- 1 I ™ (']
library('aTSA") 2 o 3
mod <- arimale,order = c(@,0,8))| =~ o -]
£ =
p y T T T T 1
arch.test{mod’ o 200 00 1000
. : Ti Ti
ARCH heteroscedasticity test for residuals me me
alternative: heteroscedastic
Portmanteau-0 test: Lagrange-Multiplier test: . — _ —
order PQ p.value order LM p.value| § «© e © _
[1,] 4 356 e | |[1,] 4 290.2 0.00e+00 [ 5 © o Eﬁ <
[El] & 359 @ [E’] & 143.3 0.00e+09 o o :n [ i ) ) [ - < :n ) fal [ i o
[3,] 12 3608 | |[3,] 12 94.3 2.44e-15 = ' ! ' ' = ' ' ' !
[4,] 16 366 4] [4,] 16 68.7 7.53e-09 5 10 15 20 5 10 15 20
[5,] 28 371 4] [5,] 20 53.3 4.28e-85
[6,] 24 374 o | |[6,] 24 44.1 5.15¢-03 Order Order
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Fitting an ARCH model

getSymbols('AAPL" ,,src="yahoo', from="2012-01-81",periodicity
AAPL<-AAPL[ ,6]

r.AAPL<-diff(log(AAPL))

r.AAPL<-r.AAPL[ Z2:length(AAPL) |

"daily")

install.packages('fGarch")
library(fGarch)
arch.fit <- garchFit(-garch(1,8), data = r.AAPL)

plot(arch.fit@sigma.t,type="1",ylab="Conditional volatility')

#plot(arch.fit®h.t) # conditional wvariance

H¥alternatively

garchfit<-garch(r . AAPL, order = c(@, 1), itmax
plot{garchfitifitted.values|,1],type="1")
summary(garchfit)

208 )
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Fitting a GARCH model

- I~
- e R
Garch.fit <- garchFit(-garch(1,1), data = r.AAPL)| I <
) . o O |
plot(arch.fit@sigma.t,type="1", %
ylab="Conditional volatility GARCH(1,1)") g B
¥plot(Carch.fi1t®h.t) # conditional wvariance E‘ o
5 |
> o
o L Q-
@ 4
Halternatively _E <
garchfitZ<-garch(r . AAPL, order = c(1, 1), itmax = 200)| E N
plot(garchfitifitted.values| ,1],type="1") S pay
summary(garchfit) S | | | | |
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GARCH extensions

— GARCH-In-Mean
— GJR GARCH

— EGARCH

— And several ones

ARCH/GARCH models
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Fitting GARCH extensions

— Selecting GARCH-type, — Fit the model:
coefficients and mean-equation:

garchFit <- ugarchfit({spec-garchSpec, data-r.AAPL)
coef(garchFit)

r_hat <- garchFit@fitifitted.values
install.packages('rugarch') plot.ts(r_hat)

lLibrary{rugarch) vol_hat <- ts(garchFit2fitisigma)

plot.ts{hhat)

garchSpec <- ugarchspec(
variance.model=11st{model="sGARCH",
garchOrder-=c(1,1)),
mean.model=11st{armalrder=c(®,8)),
distribution.model="std" )
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Fitting GARCH extensions

# GARCH-1n-mean

_ EGARCH: model="eGARCH’ %"t = userchspect

variance.model=1list(model="fGARCH",

garchOrder=c(1,1),
submode1l="APARCH")

mean.model=list(armaOrder=c(0,0),

— GJR-GARCH:
model="gjrGARCH’

include.mean=TRUE,
archm=TRUE,
archpow=2

)

distribution.model="std"

ARCH/GARCH models
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Assignment

— Considere two assets (one commodity and the S&P500):

1. Assuming an ARIMA(0,0,0) model for the log-returns and
determines if there are presence of heteroscedasticyt via ARCH
disturbances.

2. Fit the best ARIMA model for the returns and determines If there
are ARCH disturbances.

3. For each one of the previous cases, fit an ARCH(1) and
GARCH(1,1)

4. In the case of S&P-500, can the GARCH modelling reproduce
the VIX shape?
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