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SUMMARY

In recent years, forecasting is becoming more and more important for investment
strategies. Before doing forecast, data must be prepared for forecasting by analyzing
and modeling with suitable models. While volatility is seen mostly in financial data,
the model used for forecasting must calculate the volatility factor. Academic
researches show that ARCH/GARCH models with ARMA calculations give better

results for volatility modeling.

In [1], volatility is modeled with different types of ARCH/GACH models for XU100
daily data and GARCH model gives better results. On the other side, Switching
ARCH (SWARCH) is found more suitable for weekly closing of XU100 index in
[2]. And in [3], while EGARCH is used for US Dollar, TARCH is a better model for

Euro currencies.

In this thesis, we concentrate to make an application of forecast of stock prices for
one month, by using 2003-2012 daily closing of stock price of four banks, AKBNK
(AK BANK), GARAN (GARANTi BANK), ISCTR (IS BANK) and YKBNK
(YAPI — KREDI BANK). Firstly, theoretical background was given according to
academic literature. After that, application part was started. A demo version of E-
views, which is a statistical package, was used. Data of four banks were analyzed and
modeled separately. Akaike Information Criteria (AIC) and Bayesian (Schwarz)
Information Criteria (BIC) were considered while deciding to the model. AR(1) and
EGARCH(1,1,1) models had the smallest Akaike Information Criteria and Bayesian

Information Criteria values. So, these models were used for modeling the data.

Forecast was done after best model had been reached. At first, last five days were
selected as forecast sample and five forecast values were obtained. These five
forecast value were added to the end of the modeled data and then all data was
modeled and forecasted again. This process was repeated three times and 20 forecast
values were obtained for January 2013. Finally, these obtained forecast values were
compared with real data of January 2013. All these applications were showed with

graphs and tables.
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OZET

Son yillarda, yatirim stratejileri i¢in, dngorii giderek daha 6nemli olmaktadir. Ongorii
yapmadan Once, veriler analiz edilerek ve modellenerek 6ngdrii icin hazirlanmalidir.
Volatilite en ¢ok finansal verilerde goriildiigiinden, 6ngorii i¢in kullanilan model
Ongorii faktoriinii hesaba katmalidir. Akademik aragtirmalar ARMA hesaplamali
ARCH/GARCH modellerinin volatiliteyi modellemede daha iyi sonuglar verdigini

gostermektedir.

[1]’de volatilite, IMKB100 giinliik verileri igin farkli tiirdeki ARCH/GARCH
modelleriyle modellenmis ve GARCH modeli daha iyi sonu¢ vermistir. Diger
yandan, [2]’de Switching ARCH (SWARCH) modeli IMKB100 endeks haftalik
kapanis verileri i¢in daha uygun bulunmustur. [3]’de, EGARCH modeli ABD Dolar1
i¢in kullanilirken, TARCH Euro i¢in daha iyi bir model olmustur.

Biz bu tezde, dort bankanin, AKBNK (AK BANK), GARAN (GARANTI
BANKASI), ISCTR (IS BANKASI) ve YKBNK (YAPI — KREDI BANKASI), 2003
— 2012 giinliikk kapanis hisse senedi fiyatlarin1 kullanarak, bir aylik Ongorii
uygulamasi yaptik. Oncelikle, akademik literature gore teorik altyapi verildi. Daha
sonra uygulama kismi1 bagladi. Bir istatistiksel paket olan E-views’un demo
versiyonu kullanildi. Dort bankanin verileri ayr1 ayri analiz edildi ve modellendi.
Modele karar verirken Akaike Bilgi Kriteri (AIC) ve Bayezyen (Schwarz) Bilgi
Kriteri (BIC) g6z oOniine alindi. AR(1) ve EGARCH(1,1,1) modelleri en kiigiik
Akaike Bilgi Kriteri ve Bayezyen Bilgi Kriteri degerlerine sahiptir. Bu yiizden

verileri modellemek i¢in bu modeller kullanildi.

En iyi model elde edildikten sonra éngérii yapildi. Oncelikle son bes giin 6ngorii
aralif1 olarak se¢ildi ve bes Ongorii degeri elde edildi. Bu bes ongorii degert,
modellenmis verilerin altina eklendi ve biitliin veriler tekrar modellendi ve 6ngdr
yapildi. Bu siireg ii¢ kez tekrar edildi ve Ocak 2013 igin 20 6ngdrii degeri elde edildi.
Sonugcta, elde edilen bu degerler Ocak 2013’iin gercek degerleriyle karsilastirildig

Biitiin bu uygulamalar grafikler ve tablolarla gosterildi.
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INTRODUCTION

Forecasting for stock prices is the process of estimation about future values of stock
certificates. Making Forecasting by using suitable mathematical models is very
important for investment strategies. Good forecast depends on a good model.
Stochastic and deterministic parts of data must be analyzed as good as possible while

trying to define a good model.

Forecasting can be done according to model that used when modeling the data. These
models, called Autoregressive (AR) Model, Moving Average (MA) Model and the
combination of these two models, Autoregressive Moving Average (ARMA) Model,
utilized according to the correlogram of the data. If the data has volatility, AR

models gives better results when forecasted.

There are many academical researchs about forecasting of financial and stock price
data. According to many researchs, most of financial data (financial data include
stock price data.) have volatility. In literature financial data with volatility are

forecasted by using ARCH, GARCH, EGARCH, TARCH models.

In [1], it can be seen a large application of ARCH, GARCH, EGARCH, TARCH
models with ARMA calculations to XU100 daily data. This application is used to
analyzed valuation and forecast capacity of ARCH model and its types. This article

shows that GARCH and ARMA models are successful for modeling volatility.

Volatility of XU100 index weekly closing data is forecasted with ARCH, GARCH
and Switching ARCH (SWARCH) models in [2]. According to empirical results of
the application, performance of alternative forecast models are compared and this
search says that SWARCH model gives better results than ARCH and GARCH

models for this data.



In [3], return series of foreign currencies are forecasted with ARCH models. In this
article, US Dollar and Euro prices are used for the application part. After applying
different types of ARCH models to the data, the best solution for US Dollar is found

at AR and EGARCH models and Euro has the best result at AR and TARCH models.

The objective of this thesis is to evaluate future stock price of AK BANK (AKBNK),
GARANTI BANK (GARAN), IS BANK (ISCTR), YAPI-KREDI BANK (YKBNK)
in ISE by modeling historical data with GARCH models. Historical daily closing
stock price values of these four banks for ten years are used for the application part.
If there will be a good and clear result then successful investment can be attained

about the four Banks in ISE.

In second section, we give fundamental information about theoretical background of
volatility and modeling. In third section, forecast methods are introduced. In fourth
section, our data is presented, compared, modeled and forecasted and the graphs of

these applications are given. In fifth section, we give the conclusion of the thesis.



2. THEORITICAL BACKGROUND

2.1. Volatility

Volatility means the spread of all probably results of an uncertain variable.
Especially, in financial markets, we are often faced with the spread of entity returns.
Statistically, volatility is often calculated like standard deviation

F Zm w?

where rt is the return on day t, and p is the average return over the T —day period.

Sometimes, variance, 62, is used to calculate volatility. Since variance is the square
of standard deviation, it does not matter which one is used for comparing the
volatility of two assets. However, variance is much less stable and less admirable
than standard deviation and it is not good for using computer prediction and volatility
forecast evaluation. Furthermore, standard deviation is expressed in the same unit of
measure like mean, so variance is expressed in the square of that unit. Therefore,

standard deviation is more suitable and intuitive for volatility measuring. [4]

2.1.1. Historical Volatility

The historical volatility is the volatility of a stock prices obtained from the historical
prices of a special stock. As it said above, the mostly used way is standard deviation.

Therefore, the historical volatility is estimated as

o= |1/ (n— ljZ(ui — 1)?

where 1 is defined by



U= anZuj
j

=1

a gives the estimated volatility per interval. Volatility is generally expressed in

annual terms to do it independent from the interval lengths. To do this, estimation is
measured with an annualization factor (make normal constant) h, the number of

intervals per annum such that

2.1.2. Implied Volatility

An option pricing model (like the Black & Scholes model) gives a theoretical price
for an option as a function of the exact parameters — constant volatility being one.
However, if the option is traded, the market price might be different from the model
price. In that case it may be asked that, which volatility estimate should be used in
the model so that the model price and the market price are the same? This is the
implied volatility. In a constant volatility construction, implied volatility is the
volatility of the underlying asset price that is definite in the market price of an option
according to a specific model. [5]

2.2. Augmented Dickey-Fuller Unit Root Tests

Augmented Dickey-Fuller t-statistic is used for deciding to difference time series to
make it stationary.
If the time series is stationary (i.e. doesn’t have a trend) and tends to slow-turning

around zero, the following test equation can be used:
&Zt = H.Zt_l + ﬂlﬂzt_l + azﬂ.zt_z + -+ %&Zt_.p + ﬂ,t

where the number of augmenting lags (p)is determined by minimizing the Schwartz
Bayesian information criterion or minimizing the Akaike information criterion or
lags are dismissed until the last lag is statistically meaningful. The t-statistic
combined with the ordinary least squares estimate of 6, is used for the test and it is
called the Dickey-Fuller t-statistics. The Dickey-Fuller t-statistic does not follow a

standard t-distribution as the sampling distribution of this test statistic is skewed to



the left with a long, left-hand-tail. The test is left-tailed. The null hypothesis of the
Augmented Dickey-Fuller t-test is

Hy:86=0 (i.e. the data must be differenced to be stationary)
versus the alternative hypothesis of

H,:8<0 (i.e. the data is trend stationary and does not need to be
differenced)

If the time series is stationary and tends to slow-turning around a non-zero value, the
following test equation can be used:

&Zt = {ID + HZt_l + (Il.ﬂzt_l + azﬂzt_g + -+ %&Z;—_p + ﬂ,t

This equation is suitable for time series which has an intercept term but no time
trend. Again the number of augmenting laps (p) is determined by minimizing the
Schwartz Bayesian information criterion or minimizing the Akaike information
criterion or lags are dismissed until the last lag is statistically meaningful. The t-
statistic may be used on the & coefficient to decide whether data should be
differenced to be stationary or not. The test is left-tailed. The null hypothesis of the
Augmented Dickey-Fuller t-test is

Hy:86=0 (i.e. the data should be differenced to be stationary)
versus the alternative hypothesis of

H:6<0 (i.e. the data is trend stationary and does not need to be
differenced)

If the time series has an upward or downword trend in it and tends to slow-turning
around a trend line you would draw throgh the data, the following test equation can
be used :

Az, = ay + 0z, +yt +a Az, 3 + Az, +--+a,Az, , +a,

This equation has an intercept term and a time trend. Again, the number of
augmenting laps (p) is determined by minimizing the Schwartz Bayesian information
criterion or minimizing the Akaike information criterion or lags are dismissed until
the last lag is statistically meaningful. The t-statistic may be used on the &
coefficient to decide whether data should be differenced to be stationary or a time

trend is needed to put in the regression model to correct for the variables

deterministic trend. The test is left-tailed.



The null hypothesis of the Augmented Dickey-Fuller t-test is

Hy:86=0 (i.e. the data should be differenced to be stationary)
versus the alternative hypothesis of

H,:86<0 (i.e. the data is trend stationary and needs to be analyzed by

means of using a time trend in the regression model instead of

differencing the data) [6]
2.3. AR & MA Models

2.3.1. Autoregressive Model

One of the most commonly used way for modeling time series is the AR model. The
background of this model is that the observed time series X: depends on a weighted
linear sum of the past values, p, of X and a random shock &, Therefore, the name

“autoregressive” comes from this idea.

Technically, AR(p) model can be formulated by the following equation:
X,=F X _+& X _,+-+ 'i’p Xr_?, + =,
where X; shows the time-series and & implies a white-noise process. The value of p
is called the order of the AR model. If p = o then the process is called infinite AR
process.
So, an autoregressive model means a linear regression of the current value of the
series against one or more previous values of the series. Therefore the model might
be compared with other methods with the standard linear least squares technique,
where the resulting estimation of the parameters, @, , has a straight forward
interpretation.
Often in the literature, AR(p) model is expressed with the lag operator, L, which is
defined as

LX,=X,_,
Consequently L(LX,)=L?X, =X,._, and therefore in general L*X, = X,.__ and
L°Xx, = X, this means operating L on a constant leaves the constant unaffected. With

the lag operator, an AR(1) model X, = #X,_, + =, can be showed in the following

way:



X, =X, _,+es, X (1—2L)=-=

Similarly, a general form of the AR(p) model is

X =P X ,+HX 1+t qbp Xr—;: T g,

or, with the lag operator:

X,=? LX, + P L’X, ++ ¢, IPX, +=,

X =X (P L+2, L7 ++3,17) +e

X(1-@ L+ L4+ 4+2,17)=¢,

in the brief form: X,2(L) = =,, where €(L) is a polynomial of order p in the lag

operator:

¢(L)=1—@ L+&,L*+ -+ &,LF

2.3.2. Moving Average Model

Another most commonly used way for modeling time-series is the MA model. The
background of this model is that the observed time-series X; depends on a weighted
linear sum of past, g, random shocks. This means that at period t a random shock &t is
activated and this random shock is independent of random shocks of other periods.
The observed time-series X is then generated by a weighted average of current past
shocks — so the name of model is “moving average”.

Technically, MA(g) model can be expressed with the following equation:

X, =g +05_,++60.¢5_,

where X is the time-series and =,__ implies to a white-noise process. The value of g

is called the order of the MA model. If qg=co then the process is called infinite MA
process.

So a MA model means a linear regression of the current value of the series against
the random shocks of one or more previous values of the series. Since moving
average model is based on the unobservable error terms, fitting a moving average
model is more complicated than fitting an autoregressive model. Therefore in
opposite to an AR model, itterate non-linear fitting process has to be utilized and the
resulting estimation of the parameters has a less obvious comment than in the case of
AR models.

As before, MA model is also can be expressed with the lag operator in the following
way:

X, =6(L)s,



where 8(L) is a polynomial of order q in the lag operator

B(L)=1+6,L+86,L* +--+6,1°

2.3.3. Autoregressive Moving Average (ARMA) Model

Box and Jenkins (1970) developed a systematic methodology for combining two
processes which were given below and originally investigated by Yule. An ARMA
model occur from his name of two components: the weighted sum of past values
(autoregressive component) and the weighted sum of past errors (moving average
component). An ARMA model of order (p,q) can be expressed as in the following
equation:

Xe=P X g+ PN, + -+ ¢',1.:IX +& T '915':—1 +-+ qur—q

t—p
Since both AR and MA models are stationary, the ARMA process is also stationary,

if the roots of the polynomial #(z) = 0 lie outside unit circle. This is the only

condition, as every MA(Q) process is stationary. In contrast, an ARMA process is

called invertible, if the roots of &(z) = 0 lie outside the unit circle, this is the only

condition as every AR(p) process is invertible. [7]
2.4. ARCH, GARCH & EGARCH Models

2.4.1. Autoregressive Conditional Heteroscedasticity Model

The autoregressive conditional heteroscedasticity is utilized for modeling financial
time series. It is presented by Robert F. Engle in 1982.

Consider the following simple scalar model

y,=p+eft=1,.,T

q
g =w+ E ae;_; = w +al(l)e;
=1

where as,...,0q,1 and w are scalar parameters to be predicted. z; is thought to have

mean zero and variance one, and is often (but not always) supposed to be normally



distributed. «w and a;i have to be assumed all positive for obtaining positive values for

the estimate of the condition variance.

2.4.2. Generalized Autoregressive Conditional Heteroscedasticity
Model

Generalized autoregressive conditional heteroscedasticity model is presented by Tim
Bollerslev (1986). It is an upper version of autoregressive conditional

heteroscedasticity model.

Let the ei=a¢ as before, but now let

2 _ i 2 q 2
Crt = +Zf:1 JBE' Crr—g' + Ei:l ai Et—i

which is a natural generalization corresponding to an ARMA model for the variance.
This model is called a GARCH(p,q) model. Also in the GARCH model, parameters
must be restricted to be positive, which guarantees a positive prediction of the

conditional variance. More compactly;
o’ =w+b(L)a? +a(L)e}

If the variance process follows the equivalent of an ARIMA model, allowing for unit
roots in the lag polynomials, in that case where

o1t...togtpit...+fp=1

they refer to the model as an IGARCH(p,q) model.



2.4.3. Exponential Autoregressive Conditional Heteroscedasticity

Model

A constraint of the GARCH models is that it limits the shocks to the model to have
the same effect on the conditional variance whether the shocks are negative or
positive. This may or may not be a reasonable assumption but it is testable. Since it
rules out cyclic attitude in the conditional variance, the positivity constraints on the
parameters can also be considered restrictive. For those reasons Nelson (1991)

suggests the EGARCH(p,q) model:

o q
log(07) = w + ) Blog(02) ) a(9z,—; +llz.i| - Elz,_,I])
i=1 i=1

In the EGARCH the parameters do not have to be not positive. The term

lz,_;| — Elz._;| is positive if the error term is larger than its expected value and
negative otherwise. For log(.”), other models can also be used but for the specific

model suggested by Nelson, he shows that the model seems to behave well
asymptotically. [8]
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3. FORECAST

According to Chatfield (2001), a forecasting method is described as in the following
way: Let X1, X2,...,xn be observations on a single time series and xn+h values is going

to be forecasted for h=1,2,.... Then the process of calculation a point forecast, &n(h),

which is based only on past and present values of the given series is called a

forecasting method.
3.1. Model-Based Forecasting

Forecast will be calculated after having identified a particular model for the time
series and predicted the model parameters, by using the fitted model (M denotes the

true model, Mt fitted model). The best way to calculate a forecast is to choose %n(h)

to be the expected value of Xn+n conditional on the model, M, and on the information

available at time N, which will be denoted by In:
Zn(h) =E(XyuplM, Iy),

where In consists for a procedure of xn, Xn-1, ... plus the current value of time, namely
N.

3.1.1. Linear Model: Autoregressive (AR) Models

The estimation is done as in the following equation:

One step forecast: X,_ (1) =PyX,_y+ X5+ -+ X, Where the true

coefficients are replaced by in-sample estimates @’;

Two step forecast: X,_;(2) = #1X,_1(1) + $2X,_4 + - + £, X,_,+1 Where the unknown

observation X: is changed with its estimation X._,(1) . For longer periods,

predictions will converge to the long run mean which must be zero in the end.

Specifying AR models with a constant term:

11



And with a mean:

_ u _H
1—&, ——®,  &(1)

be)

EX,

(Case of 2(1) = 0 has been excluded)

3.1.2. Linear Model: Moving Average (MA) Models

Forecasting an MA model needs the prediction of the coefficients 6; from the sample
after having defined the lag order g. The visual inspection of correlograms or
information criterias can be used for defining the lag order q. By maximizing the
likelihood or by approximating computer algorithm predictions for coefficients g; can
be obtained, but also predictions of the error terms & have to be calculated with some

computer algorithm.

One step forecast(if E}-and £, are available):

fr—i(]-j = §1§:—1 + gzgr—z +--+ gqgt—q

Two step forecast:

X 1(2)=0,8_+ 08 ,++ gqgt—q+1-'
This means that some steps later, forecast values will be trivially zero.

3.1.3. Linear Model: Autoregressive Moving Average (ARMA)
Models

Forecasting with parsimonious (parsimonious: representation with minimum number
of free parameters) ARMA models could be exciting if it the sample is a small
sample and some parameters set to zero while normally different from zero could
lead to better predictions than models correctly including all parameters.
Autocorrelation function and partial autocorrelation functions result is determined
zero at a geometric rate for ARMA processes. To decide the lag orders p and q is
difficult by looking to the visual inspection of correlograms and partial correlograms;
therefore in the literature it is sometimes said to decide by considering the extended

12



versions of the correlogram (extended ACF, extended sample ACF) and most set lag

order by information criteria.

One step forecast (if E_;and i}- are estimated, maximum likelihood approximated and

approximate errors £, calculated):

fr—l(lj = tiﬁlj’fr—l + -+ ti"?f,::‘jfr—f,u +0,5_, +

Two step forecasts:

fz—:(zj = ‘51}?:(1) + ‘;S:Xr—i +--+ $’pxr—*p + §2§r—1 +--+6 gr—q+1

[7]
3.2 Static vs. Dynamic Forecasting
While doing forecasting, two different way can be used:

Dynamic version calculates forecasts for the periods after the first period by using
the values which are the previously forecasted results of the lagged left-hand. These
are also called n-step ahead forecasts.

Static version do the forecast with actual values rather than forecasted values (it can
only be used when actual data are available). These are also called 1-step ahead or

rolling forecasts. [12]
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4. APPLICATION
4.1 DATA

For the application part, daily closing stock prices of four banks in ISE, which are
AKBNK, GARAN, ISCTR and YKBNK are used. Stock prices graphs are drawn for

each bank separately year by year.

Firstly, AKBNK" s daily closing stock prices are analyzed yearly and their graphs are

given below.
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Figure 3.1 : AKBNK 2003 Stock Prices Figure 3.2: AKBNK 2004 Stock Prices

When we look at the first two years, we can see the increase of stock prices. A trend

would be seen at both years’ graphs.
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Figure 3.3 : AKBNK 2005 Stock Prices Figure 3.4: AKBNK 2006 Stock Prices

At 2005’°s graph stock prices continue to rise. But in 2006 they are said to be

decreased.
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Figure 3.5 : AKBNK 2007 Stock Prices Figure 3.6 : AKBNK 2008 Stock Prices

In 2007, prices again start to increase. But in 2008, they are seen to decrease again.
This decrease may be caused by the economical crises which occurred in this year

and affected nearly all the countries.
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Figure 3.7 : AKBNK 2009 Stock Prices Figure 3.8 : AKBNK 2010 Stock Prices

Effects of economical crises are seen to be eliminated in 2009. Prices increase after
the first quarter of the year. The rise also can be seen in 2010 but increment range is

not so wide.
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Figure 3.9 : AKBNK 2011 Stock Prices Figure 3.10 : AKBNK 2012 Stock Prices

From the 2011’s graph a slow decrease is seen. But in the last year the graph caught

the trend again and the values rise nearly up to 2011’s beginning values.
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Figure 3.41: AKBNK 2003 — 2012 Stock Prices

When we look at the whole values, in some ranges a decline of stock prices can be
seen. In a small part of 2006, in 2008 and in 2011 prices decrease more sharply than
the other years. But in the whole perspective AKBNK’ s stock prices show upward
trend and in 10 years prices become nine times larger than the beginning value.
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GARAN (GARANTI BANK)
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Figure 3.11: GARAN 2003 Stock Prices Figure 3.12: GARAN 2004 Stock Prices

GARAN’ s stock prices show a visible increase in the first year. But in the second

year its increase become slower.
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Figure 3.13: GARAN 2005 Stock Prices Figure 3.14: GARAN 2006 Stock Prices

The rise also continues in 2005. But it turns down in 2006 and prices start to

decrease.
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Figure 3.15: GARAN 2007 Stock Prices

Figure 3.16: GARAN 2008 Stock Prices

Although stock prices increase in 2007, the economical crise’s negative effect is seen

again in 2008’s values.
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Figure 3.17: GARAN 2009 Graph

Figure 3.18: GARAN 2010 Graph

After 2008, GARAN gets over the effect of crises and its stock prices increase again

along the 2009 and 2010.
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Figure 3.19: GARAN 2011 Stock Prices

Figure 3.20: GARAN 2012 Stock Prices

Though we see a slow decline in prices in 2011, in the last year GARAN also catch

the upward trend as AKBNK.
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Figure 3.42: GARAN 2003 - 2012 Stock Prices

The whole behavior of GARAN’ s stock prices seems like have an upward trend. In a
part of 2006, in 2008 and in 2011 sharp declines can be seen. But GARAN increase

its stock prices nearly ten times larger in 10 years.

ISCTR (IS BANK)
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Figure 3.21: ISCTR 2003 Stock Prices Figure 3.22: ISCTR 2004 Stock Prices

At the end of the first year, ISCTR stock prices become three times larger than the

beginning of the year. The second year this increase continues slowly.
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Figure 3.23: ISCTR 2005 Stock Prices Figure 3.24: ISCTR 2006 Stock Prices

In 2005, prices also increase. But after the first quarter of the 2006, this increase
turns down and at the end of the year, prices seem like the beginning of the year’s

values.
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Figure 3.25: ISCTR 2007 Stock Prices Figure 3.26: ISCTR 2008 Stock Prices

In 2007, stock prices rise up seasonally. After that year, in 2008, we again see the
effect of economical crises. Along the year, stock prices lose their values nearly
50%.
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Figure 3.27: ISCTR 2009 Stock Prices Figure 3.28: ISCTR 2010 Stock Prices

At the end of 2009, prices gain their 2008 beginning values and increase continues in

2010.
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Figure 3.30: ISCTR 2012 Stock Prices

Figure 3.29: ISCTR 2011 Stock Prices

A slow decrease can be seen in 2011.However, in 2012 we see the top values Is Bank

has ever had.
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Figure 3.43: ISCTR 2003 - 2012 Stock Prices

In general perspective, except a part of 2006, all 2008 and 2011, ISCTR stock prices

have a visible increase. Last values are six times larger than the beginning prices.
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YKBNK (YAPIKREDI BANK)
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Figure 3.31: YKBNK 2003 Stock Prices

Figure 3.32: YKBNK 2004 Stock Prices

In the last quarter of 2003 YKBNK has a sharp increase, while in the first three

quarter prices are nearly stabile. In 2004, increase also continues but not as sharp as

in 2003’ last quarter.
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Figure 3.33: YKBNK 2005 Stock Prices

Figure 3.34: YKBNK 2006 Stock Prices

In 2005, prices increase in first month and then continues at the same level. In the

first semi-year of 2006, prices also increase but in the second semi-year they decline

to the 2006’s beginning values.
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Figure 3.35: YKBNK 2007 Stock Prices

Figure 3.36: YKBNK 2008 Stock Prices

In 2007, prices has an upward trend and nearly 100% increase. After this year, we

see the economical crise’s effects on the stock prices and prices decrease.
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Figure 3.37: YKBNK 2009 Graph

After crises year, we again see the upward trend in 2009 and 2010.

Figure 3.38: YKBNK 2010 Graph
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Figure 3.39: YKBNK 2011 Stock Prices

Figure 3.40: YKBNK 2012 Stock Prices

Upward trend turns down in 2011. But YKBNK stock prices catch an increase in the

last year.
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Figure 3.44: YKBNK 2003 - 2012 Stock Prices
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Although we see decreases in a part of 2006, in 2008 and in 2011, in general
YKBNK” s stock prices has an upward trend through the past ten years. Prices have
4.2 COMPARISON of BANKS BY YEARS FROM 2003 to

their top values in 2010 and in ten years, get nearly six times larger.

Figure 3.45: 2003 Stock Prices of Four Banks
24

At the first year, although all banks’ stock prices are near, AKBNK seems more

expensive than the others.
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Figure 3.46: 2004 Stock Prices of Four Banks

ISBNK’s stock prices come nearer to AKBNK. But AKBNK is still the most

important stock price.
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Figure 3.47: 2005 Stock Prices of Four Banks

In 2005, AKBNK and ISBNK behave nearly the same. On the other hand, GARAN

and YKBNK go together.
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Figure 3.48: 2006 Stock Prices of Four Banks

The difference between AKBNK — ISCTR and GARAN - YKBNK is getting more.
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Figure 3.49: 2007 Stock Prices of Four Banks

In 2007, all stock prices behave the same, but they have differences between stock

prices. AKBNK is still the most expensive stock price.
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Figure 3.50: 2008 Stock Prices of Four Banks

GARAN’s stock prices become more expensive than ISCTR. ISCTR behave like

YKBNK. But in whole year, we see the crise’s negative effect on each bank.
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Figure 3.51: 2009 Stock Prices of Four Banks

At the beginning of the year, AKBNK is more expensive than the others. But

GARAN’s stock prices increase during the year and at the end, GARAN and

AKBNK come closer.
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Figure 3.52: 2010 Stock Prices of Four Banks

In 2010, AKBNK — GARAN and ISCTR — YKBNK behave nearly the same again.
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Figure 3.53: 2011 Stock Prices of Four Banks

Although the difference between stock prices of AKBNK-GARAN and ISCTR-

YKBNK is getting more, all the prices have a downward trend in 2011
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Figure 3.54: 2012 Stock Prices of Four Banks

All the banks have an upward trend and see the top value in this year.
4.3 MODELLING
4.3.1. Model Testing
4.3.1.1. White Noise
A stationary time series £, is said to be white noise if
Corr(z,, £,) =0 for all #£s

Thus =, is a sequence of uncorrelated random variables with constant variance and
constant mean. This constant mean value is assumed zero. Plots of white noise series
exhibit a very erratic, jumpy, unpredictable behavior. Since the =, are uncorrelated,
previous values do not help us to forecast future values White noise series
themselves are quite uninteresting from a forecasting standpoint (they are not linearly

forecastable),but they form the building blocks for more general models. [9]
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4.3.1.2. Akaike Information Criteria (AIC)

One of the most commonly used information criteria is AIC. The idea of AIC
(Akaike, 1973) is to select the model that minimizes the negative likelihood

penalized by the number of parameters as specified in the equation (1).
AIC=-2logp(L) +2p (1)

where L refers to the likelihood under the fitted model and p is the number of

parameters in the model.

Specifically, AIC is aimed at finding the best approximating model to the unknown

true data generating process and its applications draws from.
4.3.1.3. Bayesian (Schwarz) Information Criteria (BIC)

Another widely used information criteria is the BIC or Schwarz Criteria. Unlike
Akaike Information Criteria, BIC is derived within a Bayesian framework as an
estimate of the Bayes factor for two competing models (Schwarz, 1978; Kass and
Rafftery, 1995).BIC is defined as:

BIC=-2log p(L) + plog(n)

Superficially, BIC differs from AIC only in the second term which now depends on
sample size n. Models that minimize the Bayesian Information Criteria are selected.
From a Bayesian perspective, BIC is designed to find the most probable model given
the data.

Performance of the model selection criteria in selecting good models for the
observed data is examined using simulation studies. Such a comparison is not
straight forward and its relevance could be questioned, given that the two criteria are
based on different theoretical motivations and objectives. However, for application
purpose, the Akaike Information Criteria and the Bayesian Information Criteria do
have the same aim of identifying good models even if they differ in their exact
definition of a “good model”. Comparing them is thus justified, at least to examine
how each criterion performs according to recovery of the correct model or how they

behave when both should prefer the same model. [10]
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4.3.2 Application of Model On Data

4.3.2.1. Model of AKBNK

Correlogram of AKBNK_CLOSING

Date: 041713 Time: 22:55 FlrStIy CorrEIogram Of

Sample: 12509
Included observations: 2509

Autocorrelation Partial Correlation AC PAC  Q-Stat  Prob AKBNK have to be

1 1| 1| 1 0997 0997 24976 0.000
: . 1 Doer gser zasrs 00 analyzed. When we look at
1 i 3 0991 0001 74521 0.000
1 i 4 0988 0006 9909.3 0.000
: . S o5 0% 1234 o900 the correlogram, we see that
|| e— | i 6 0983 0004 14786. 0.000
|| — 1 7 0980 0022 17207. 0.000
= . 5 0978 0074 10096 000D AR(1) model have to apply
|| e— | [ 9 0976 0010 22014. 0.000
|| — i 10 0973 0.002 24402. 0.000
[ — i 11 0871 -0.006 26775 0.000 On data
|| — i 12 0.968 -0.004 29144, 0.000
[ e— | g 13 0966 -0.020 31488. 0.000
|| — I 14 0963 -0.017 33840. 0.000
[ — i 15 0.960 0.003 38170. 0.000
[ e— | i 16 0958 0005 38488 0.000
[ — i 17 0.955 -0.008 40794. 0.000
[ e— | i 18 0952 -0.002 43089. 0.000
[ — i 19 0.950 -0.004 45372, 0.000
[ e— | i 20 0947 -0.005 47643, 0.000
|| — 1] 21 0945 0055 49903. 0.000
[ — 1| 22 0943 0034 52154, 0.000
|| e— i 23 0940 -0.026 54396. 0.000
| — [ 24 0938 0013 586627. 0.000
|| e— [ 25 0936 0014 58850. 0.000
| — i 26 0934 0005 61063. 0.000
|| e— i 27 0932 0008 63268. 0.000
|| — 1 28 0930 0016 65464 0.000
| — i 29 0928 0008 67652. 0.000

Table 4.1: Correlogram of AKBNK

() Equation: AKBNK_EGARCH Workfile: BITIRME:Untitl.. - & x (Z) Equation: AKBNK_EGARCH Workfile: BITIRME:Untitl.. - 2 X

[V\ew]ProcIObJect] IPrlnt]Name]Freeze] [Est\mate]ForecastlstatsIRemds]

[ViewlProcIDbject] [PrintINameIFreeze] [EstimateIForecastIStatsIResids]

Dependent Variable: AKBNK_CLOSING

Method: ML - ARCH

Date: 04/08/13 Time: 20:10

Sample (adjusted) 2 2509

Included observations: 2508 after adjustments

Convergence achieved after 23 iterations 10

Presample variance: backcast (parameter=0.7)

LOG({GARCH) = C{2) + C(3)*ABS(RESID(-1}@SQRT(GARCH(-1))) + C(4)
*RESID(-1)/@SCORT(GARCH(-1)) + C(8)*LOG(GARCH(-1))

Variable Coefiicient Std. Error - z-Statistic Prob.

AR(1) 1001136 0.000473  2116.069  0.0000

Variance Equation

C(2) -0.141465  0.012090 -11.70124  0.0000

C(3) 0147835  0.010604 1394147  0.0000

C(4) 0.014874 0007149  2.080840  0.0375

Cig) 0.993495 0.001392 T13.6746 0.0000
R-squared 0.996775 | Mean dependentvar 4 BE1280
Adjusted R-squared 0996775 S5.D. dependentvar 2207321
S.E. of regression 0125345 Akaike info criterion -1.690956
Sum squared resid 3838848 Schwarz criterion -1 679338
Log likelihood 2125459 Hannan-Quinn criter. -1.686739
Durbin_lli\tatsonstat 1982585 -'5 IIIIIIIII|IHIIIIII|IIIIHIII|IIIIIIIII‘IIIIIIIII|IIIHIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|

250 500 750 1000 1250 1500 1750 2000 2250 2500
Inverted AR Roots 1.00
Estimated AR process is nonstationary —— Residual — Actual — Fitted

Table 4.2: Equation of EGARCH Model of AKBNK Table 4.3: Actual-Fitted-Residual of EGARCH Model of AKBNK
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Correlogram of Standardized Residuals Correlogram of Standardized Residuals Squared

TATTPIE. £ £00s CATTETE. £ 200D

Included obsenvations: 2508 Included observations: 2508
Q-statistic probabilities adjusted for 1 ARMA term(s) Q-statistic probabilities adjusted for 1 ARMA term(s)
Autocorrelation  Partial Correlation AC  PAC  Q-Stat  Prob Autocorrelation  Partial Correlation AC  PAC Q-Stat Prob

0.032 0032 25118 I
0.010 0009 27454 0098 1
-0.007 -0.007 28611 0239 il
1
1

; 0.026 0.026 1.6646
3

4 -0.026 -0.025 45087 0212

5

G

7

]

0.069 0.068 13538 0.000
-0.004 -0.007 13578 0.001
0.036 0032 16829 0.001
0.010 0.009 17.085 0.002
-0.018 -0.023 17.910 0.003
-0.006 -0.006 17.995 0.006
-0.006 -0.004 1580858 0.012
-0.025 -0.025 19626 0.012
10 0.014 0.018 20153 0.017
! 11 -0.006 -0.003 20255 0.027
12 0027 0025 22117 0.023
! 13 -0.007 -0.006 22253 0.035
14 0027 0023 24106 0.030
! 15 -0.033 -0.034 26.837 0.020
! 16 -0.038 -0.041 30470 0.010
it 17 -0.0017 0006 30472 0.016
W

|

1
1
il
1
-0.011 -0.009 48118 0307 1
-0.030 -0.029 71374 0211 i
-0.000 0.002 71374 0308 i
-0.030 -0.030 94036 0225 Il
-0.011 -0.010 97043 0.286 |
10 0.047 0.046 15191 0.086
11 0018 0014 16.005 0.099
12 0.024 0020 17482 0.094
13 0.010 0.008 17748 0.124
! 14 -0.006 -0.007 17.840 0.164
i | 15 -0.011 -0.009 18.135 0.201 i
16 0.013 0017 18576 0234 i
| 17 0.002 0002 18590 0290 i
16 0.009 0013 18816 0339 i
! 19 -0.000 0.001 18.816 0.403 i 19 0.001 0.005 33952 0.013
20 -0.065 -0.066 29.294 0.060 i [ 20 0005 0.015 34028 0.018
i
i
i
i
i

O =~ N e ) R

w

18 -0.037 -0.034 33949 0.009

= I

! I 21 -0.035 -0.032 32517 0.038 21 -0.041 -0.042 38274 0.008
I [ 22 0021 0023 33519 0.040 22 -0.0271 -0.021 39431 0.009
i ] 23 -0.010 -0.014 33895 0.050 23 -0.017 -0.009 40207 0.010
i 24 0006 0.004 34001 0.085 [ 24 0.002 -0.001 40222 0.015
[l 25 0.007 0006 34129 0.082 25 -0.015 -0.011 40768 0.018

[ [ 26 0040 0036 38107 0.045 [ [ 26 0036 0.039 44077 0011
27 -0.009 -0.013 38295 0.057 | i 27 -0.027 -0.028 45911 0.009
28 -0.015 -0.020 38.900 0.065 ! i 28 0.011 0008 46200 0.012

|
|

[l 29 0.003 0000 38928 0082 i i 29 -0.013 -0.008 46635 0.015
I 30 -0.038 -0.029 42531 0.050 [ [ 30 0016 0.013 47284 0.017
i 31 -0.026 -0.019 44260 0.045 i i 31 0005 0.004 47360 0.023

[ [ 32 0013 0018 44698 0053 ! [ 32 0014 0013 47873 0027

i | 33 -0.022 -0.020 45910 0.053 ! !

i I 34 -0.026 -0.028 47.669 0.047

| [ 35 0013 0012 48122 0.055 !

| | 36 -0.012 -0.018 48.482 0.064 |

! 33 0.007 0006 45006 0034
| 34 -0.014 -0.020 48512 0.040
it 35 0.001 0.007 48515 0.051
! 36 -0.008 -0.011 48685 0.062

Table 4.4: Residual Cor. of EGARCH Model of AKBNK Table 4.5: Residual Squared Cor. of EGARCH Model of AKBNK

When we apply AR model with EGARCH method, R- Squared is nearly 1. Our
Actual and Fitted graphs are acting like each other also our correlogram of g-statics

and correlogram of squared residuals have no lag.

(=) Equation: AKBNK_GARCH Workfile: BITIRME:Untitle.. - B X E Equation: AKBNK_GARCH Workfile: BITIRME:Untitled\ - 8 X

IViEW[Pm‘IOmm] [P'i”tINamEIF'em] [EmmatelF°'E‘“t15t3tSIR“id5] [ViewlecIDbject] [PrintINameIFreeze] [EstimateIForecastIStatsIResids]

Dependent Variable: AKBNK_CLOSING
Wethod: ML - ARCH

Date: 041713 Time: 21:34

Sample (adjusted): 2 2509

Included observations: 2508 after adjustments

Failure to improve Likelihood after 13 iterations
Presample variance: backcast (parameter=0.7)
GARCH = C(2) + C(3*"RESID(-1)"2 + C(4FGARCH(-1)
Variable Coeflicient Std. Error - z-Statistic Prob.
AR(1) 0.990073 0.006576 150.5695 0.0000
EE
Variance Equation
c 0.517981 0.051600 10.03846 0.0000 A
RESID(-1y2 -0.554343 0.080702  -6.869048 0.0000
GARCH(-1) -0.647833 0146763  -4.414128 0.0000
0
R-zquared 0.996211) Mean dependentvar 4 661280
Adjusted R-squared 0.996211 S.D. dependentvar 2207321 4
SE. ofregression 0.135870 Akaike info criterion 0.718263 -
Sum squared resid 46.28057  Schwarz criterion 0.727557
Log likelihood -896.7017  Hannan-Quinn criter. 0721636 3
DU[bm—WatSOnStal 1558851 = IIIIIIIII|IIIIIIIII|HIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIII\I|IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIHIIII|
250 500 750 1000 1250 1500 1750 2000 2250 2500
Inverted AR Roots 99
| — Residual — Actusl — Fited |
Table 4.6: Equation of GARCH Model of AKBNK Table 4.7: Actual-Fitted-Residual of GARCH Model of AKBNK
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Correlogram of Standardized Residuals

DAt U T S TS, 22,00

Sample: 22509

Included observations: 2508
Q-statistic probabiliies adjusted for 1 ARMA term(s)

Crars. U T T

Sample: 2 2509

Correlogram of Standardized Residuals Squared

TS, L0

Included observations: 2508
Q-statistic probabilities adjusted for 1 ARMA termi(s)

Autocorrelation  Partial Correlation AC  PAC  Q-Stat Prob Autocorrelation  Partial Correlation AC  PAC Q-Stat Prob
! i 1 0052 0052 68130 ] [} 1 0174 0174 76.239
! ! 2 0024 0021 82468 0.004 [} a 2 0135 0108 12224 0.000
[ " 3 0007 0005 83702 0.015 [} a 3 0139 0104 17085 0.000
1 " 4 0.003 0004 84311 0.038 a n 4 0117 0070 20528 0.000
! ! 5 0025 0024 10018 0.040 = (] 5 078 0132 28474 0.000
" I 6 -0.006 -0.008 10.098 0.073 a [ 6 0085 0.014 30310 0.000
| | 7 -0.009 -0.010 10316 0.112 ] | 7 0118 0.062 33816 0.000
i [l & 0001 0002 10319 0171 ] | 8 0102 0.037 36455 0.000
[ [ 9 0021 0021 11440 0.178 (] i 9 0107 0.047 39340 0.000
[ n 10 0.048 0046 17.303 0.044 a [ 10 0.094 0023 41567 0.000
[ [ 11 0.038 0033 20879 0.022 L] [ 11 0.093 0.036 43757 0.000
[ [ 12 0.046 0041 26.149 0.006 ] [ 12 0098 0033 46203 0.000
[ n 13 0.0585 0049 33785 0.001 ] [ 13 0083 0020 47930 0.000
[ [ 14 0.038 0030 37.500 0.000 (] ] 14 0112 0051 51123 0.000
I Il 15 0015 0007 38059 0.001 ] n 15 0071 0.003 52384 0.000
[ [ 16 0.040 0037 42113 0.000 ] i 16 0.063 -0.000 533.86 0.000
[ [ 17 0.037 0033 45626 0.000 ] n 17 0123 0068 57199 0.000
[ 1 18 0.029 0023 47701 0.000 L] n 18 0.066 -0.002 58314 0.000
[ [ 19 0.035 0030 50813 0.000 n [ 19 0074 0010 597.11 0.000
I i} 20 -0.045 -0.052 56.023 0.000 a [ 20 0087 0031 61618 0.000
i | 21 -0.019 -0.021 56.912 0.000 a [ 21 0074 0.013 629.88 0.000
[ n 22 0.065 0062 67.727 0.000 ] i 22 0061 -0.008 639.34 0.000
[ [l 23 0.014 0001 68254 0.000 i} [ 23 0075 0025 65341 0.000
[ [l 24 0014 0003 68753 0.000 L] [ 24 0070 0.011 66593 0.000
[ [ 25 0032 0027 71402 0.000 ] [ 25 0.088 0032 68560 0.000
[ [ 26 0.034 0022 74397 0.000 a [ 26 0097 0038 709.31 0.000
[ [l 27 0.020 0002 75428 0.000 i} [ 27 0082 0022 72621 0.000
[ Il 28 0.013 0000 75.832 0.000 ] [ 28 0.095 0030 748392 0.000
[ [ 29 0.023 0014 77217 0.000 n i 29 0064 -0.002 75923 0000
[ [l 30 0.009 0001 77.403 0.000 a [ 30 0093 0033 78099 0.000
[ [ 31 0.014 0008 77.886 0.000 a [ 31 0096 0026 80426 0.000
[ ] 32 0059 0052 86673 0.000 L] [ 32 0.080 0.015 82044 0.000
1 | 33 -0.015 -0.023 87.208 0.000 L] i 33 0.052 -0.018 827.31 0.000
| I 34 -0.020 -0.026 88.189 0.000 i} I 34 0076 0016 84209 0.000
[ [ a5 0.027 0018 90.012 0.000 |m] i} 35 0134 0075 88763 0.000
[ [ 36 0.023 0.014 91.330 0.000 L] | 36 0089 0.016 90759 0.000

Table 4.8: Residual Cor. Of GARCH Model of AKBNK

Table 4.9: Residual Squared Cor. Of GARCH Model of AKBNK

When we apply AR model with GARCH method, R- Squared is nearly 1 but smaller
than EGARCH R-Squared. On the other hand GARCH method’s absolute Akaike
Criterion is smaller than EGARCH method. This means that we should use GARCH

Method. Actual and Fitted graphs are also acting like each other and our correlogram

of g-statics has no lag. But our correlogram of squared residuals has lags This means
that GARCH method is not suitable for our data. We must use EGARCH method for
AKBNK and the other banks (GARAN, ISCTR, YKBNK).
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4.3.2.2. Model of GARAN

B4 Series: GARAN_CLOSING Workfile: BITIRME:Untitled\ - B x

[View]Froc]Object[Froperties] [ rint| ame Freeze] [ sampie] Gen | sneet [ Grapn [siats]

Correlogram of GARAN_CLOSING

Date: 04/26/13 Time: 05:31
Sample: 1 2509
Included obsenvations: 2509

~

Autocorrelation  Partial Correlation AC  PAC Q-Stat Prob
| 1| 1 0.998 0.998 25004 0.000
) ] 2 0.995 -0.011 4990.0 0.000
1| " 3 0.002 0.007 7469.0 0.000
] [ 4 0991 0.017 9937.9 0.000
| [ 5 0989 0.008 12397. 0.000
) i 6 0.986 0.005 14846. 0.000
] i 7 0984 0.032 17286. 0.000
1 n 8 0.082 0.005 19718. 0.000
1 1 9 0.980 -0.008 22140. 0.000
1 ] 10 0.978 -0.014 24553. 0.000
1 I 11 0.976 -D.012 26956. 0.000
1 | 12 0.974 0.014 29351. 0.000
1 d 13 0.972 -0.017 21735. 0.000
1 I 14 0.970 -0.017 34110. 0.000
1 i 15 0.988 0.005 36475. 0.000
[ e— i 16 0.065 0.006 38230. 0.000
[ —] [ 17 0.963 0.007 41176. 0.000
[ —] i 18 0.961 0.006 43513. 0.000
[ — I 18 0.959 -0.030 45841. 0.000
[ —] 1 20 0.957 -0.022 48158. 0.000
[ e—] I 21 0.055 0.051 50466. 0.000
[ —] i 22 0953 0.040 52766. 0.000
[ —] [ 23 0.951 0.004 55057. 0.000
[ — [ 24 0.949 0.005 57342. 0.000
[ —] i 25 0.947 -0.003 59618. 0.000
|| s— " 26 0.046 0.003 61886. 0.000
[ — [ 27 0944 0.012 64147. 0.000
[ —] [ 28 0.942 0.023 66400. 0.000
[ —] i 29 0.940 -D.000 68647. 0.000
[ —] [ 30 0939 0.004 70886. 0.000
|| —] " 231 0.937 0.016 73119. 0.000
[ —] i 32 0936 0.006 75346. 0.000
[ —] " 33 0934 -0.032 77565. 0.000
[ —] ! 34 0932 0.027 79777. 0.000
[ —] ] 35 0931 -0.009 81983. 0.000 @

Firstly Correlogram of
GARAN have to be
analyzed. When we look at
the correlogram, we see that
AR(1) model have to apply
on data.

Table 4.10: Correlogram of GARAN

) Equation: GARAN_EGARCH  Workdile: BITIRME:Untitl.. - & X (=) Equation: GARAN_EGARCH Workfile: BITIRME:Untitl.. - B X

[‘u’iewIProclomed] [PrintINameIFreezel [EstimateIForecastIStats]Resids]

{View[Proc[Object] [Print[Name[Freezel [Estimate[Forecast[Stats[Residsl

Dependent Variable: GARAN_CLOSING
Method: ML - ARCH

Date: 04/08/13 Time: 20:19

Sample (adjusted): 2 2509

Included observations: 2508 after adjustments
Convergence achieved after 21 iterations

Presample variance: backcast (parameter = 0.7) 10
LOG(GARCH) = C(2) + C(3)"ABS(RESID(-1M@SQRT(GARCH(-1))) + C(4)
*RESID(-1)/@SQRT(GARCH(-1)) + C(5)*LOG(GARCH(-1)) Lz
Variable Coefficient  Std.Error  z-Statistic Prob
AR(1) 1.001654  0.000469 2136.919 0.0000
Variance Equation LB
C(2) -0.071086  0.008760 -8.114442  0.0000 kL
C(3) 0.082280 0008732 9423145  0.0000
C4) 0.040973  0.005804  7.059070  0.0000 24
C(5) 0998124  0.000582 1716240  0.0000
04
R-squared 0.998033]| Mean dependentvar 3874091
Adjusted R-squared 0.998038 §S.D. dependentwvar 2467931 -2
S.E. ofregression 0.109302  Akaike info criterion 2279317
Sum squared resid 29.95083 Schwarz criterion -2.267700 -4
Log likelihood 2863.264 Hannan-Quinn criter -2.275100
Dum\nJNalSUnstat 2004158 _'E IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|IIIIIIIII|
Inverted AR Roots 1.00 250 500 750 1000 1250 1500 170 2000 2250 2500

Estimated AR process is nonstationary

— Residual — Actual — Fitted

Table 4.11: Equation of EGARCH Model of GARAN  Table 4.12: Actual-Fitted-Residual of EGARCH Model of GARAN
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&) Equation: GARAN_EGARCH Warkfile: BITIRME:Untitled\ - & x =!/Equation: GARAN_EGARCH Workfile: BIlIRME:Untitled\ — 8 X

[V\EWIProcIObJectl [Print]NameIFreeze] IEstimateIFore(astIStatslResids] IViewIProcIObject] [PrinthamelFreeZe] [EstimatelForecast[statisesidsl
Correlogram of Standardized Residuals Correlogram of Standardized Residuals Squared
=

TTCIOUE U UUSErvanuTis. £000 ~

Q-statistic probabiliiies ajusted for 1 ARMA term(s) A 'Q”C;;'Eﬂ;‘ilgﬁf;;‘;at}:ﬁti‘:s Ea%?fste dfor 1 ARMAterm(s)

Autacaorrelation Partial Correlation AC PAC Q-Stat Prob Autocorrelatian Partial Correlation AC PAC Q-Stat Prob
' ! 10011 0071 03076 i i 1 0047 0.047 5.4424
| | 2 0013 -0013 07335 0.302 | | 2 0023 0020 67151 0.010
| i 3 -0.008 -0.008 09029 0.637 ) | 3 0034 0032 96557 0008
‘ i 4 -0.012 0.012 12527 0.740 i | 4 -0.004 0.008 9.7011 0.021
‘ | 50013 0.3 16745 0.795 i | 5 -0.010 -0.011 9.9413 0.041
| d 6 -0.037 -0.037 51714 0.395 i i 6 0.001 0.001 9.9426 0.077
It i 7 -0.005 -0.004 52239 0515 \ | 7 -0.025 -0.025 11.539 0.072
‘ | 8 -0.019 -0020 61141 0.526 ! i & 0.004 0007 11589 0.115
| I 9 0.000 -0.001 6.1141 0634 i g9 0.012 0.014 12.041 0.149

10 0032 0031 87709 0459 i 10 0.013 0.014 12.498 0.187
110012 0010 9.1118 0522 I | 11 -0.006 -0.009 12.593 0.247
12 0017 0015 0.8076 0548 X A 12 0012 0014 13022 0292
13 0.010 0010 10050 0612 ! i 13 0014 0015 13495 0334
14 0031 0030 12413 0.4594 " | 14 0.002 0.002 13511 0.400

‘ | 15 -0.021 -0.021 13556 0483 | | 15 -0.009 -0.009 13733 0.470
! 16 -0.004 0.000 13592 0.557 ! | 16 -0.028 -0.028 15749 0399

17 0018 0020 14440 0566 ! | 17 -0.002 0.001 15763 0.470
18 0004 0007 14482 0633 il 18 0039 0041 19677 0291
I
I
I
I
I
I
I

19 0.042 0044 18944 0395 19 0.001 -0.002 19.680 0.351
20 -0.065 -0.064 29.605 0.057 20 -0.008 -0.009 19.835 0405
[ ! 21 -0.026 -0.025 31329 0.051 21 0.009 0008 20062 0454
[ 22 0.009 0.009 31545 0.065 22 -0.012 -0.012 20405 0.496
[l 23 0007 0005 31656 0083 23 -0.036 -0.036 23.680 0.364
" 24 -0.003 -0.005 31675 0107 24 -0.030 -0.027 25942 0.304
[

[

' 25 -0.006 -0.003 31759 0.133 25 -0.018 -0.009 26732 0.317
[ 26 0.004 0.008 26764 0.368
i 27 0.002 0.001 28776 0421
i 28 -0.005 -0.006 26.828 0473
1 29 -0.025 -0.028 28783 0424
[ 30 0.007 0.0089 23913 0470

|
|
|
|
26 0026 0022 33525 0.118 1l
27 -0.014 -0.016 33930 0135 1l
28 0001 -0.001 33993 0.166 1l
29 -0.023 -0.027 35367 0158 I
30 -0.041 -0.038 39.629 0.090 1l
31 -0.002 -0.001 39636 0.112 1l 1 31 0.004 0003 28963 0520
| [ 32 0015 0017 40215 0124 | | 32 -0.012 -0.011 29311 0553
33 -0.028 -0.032 42214 0107 1 [ 33 0028 0032 31371 0498
34 -0.010 -0.004 42457 0125 ! ! 34 -0.026 -0.027 33115 0462
35 -0.003 -0.008 42475 0151 Il [l 35 -0.006 -0.005 33.206 0.506
36 0.009 0000 42668 0175 [l 1 36 0005 0001 33263 0552 w

Table 4.13: Residual Cor. Of GARCH Model of AKBNK  Table 4.14: Residual Squared Cor. Of GARCH Model of AKBNK

When we apply AR model with EGARCH method, R- Squared is nearly 1. Our
Actual and Fitted graphs are acting like each other also our correlogram of g-statics
and correlogram of squared residuals have no lag.
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4.3.2.3. Model of ISCTR

£ Series: ISCTR_CLOSING Workfile: BITIRME:Untitled\

— =

[View] roc] obicct| Propertics || Print | Name | Fresze | [ sampic] Genr] sheet | Sraph 5t

Correlogram of ISCTR_CLOSING

e
Included observations: 2509

Autocorrelation Partial Correlation AC PAC Q-Stat Prob
1| 1| 1 1 0.997 0.997 24953 0.000
1 L0 2 0993 0002 49750 0000
1| 1| 2 0990 0.009 TA439.6 0.000
1 i 4 0987 -0.010 9888.8 0.000
| — 10 5 0.984 0.006 12323 0.000
|| — n & 0980 0.003 14742, 0.000
| — 1| 7T 0977 0.009 17147 0.000
| — 10 8 0974 0.002 19537 0.000
|| — 1 9 0971 0015 21914, 0.000
| — 10 10 0.968 -0.006 24276 0.000
[ e— i 11 0965 -0.013 26624 0.000 -
| e— 1| 12 0962 0.018 28959 0.000
= . 13 53% goie |z ool Firstly Correlogram of
| e— " 14 0956 -0.027 33586 0.000
| e— 10 15 0.952 -0.002 35877 0.000
= ! 1% 821 807 i 203 ISCTR have to be analyzed.
[ e— n 18 0943 0.003 42665 0.000
| — 10 19 0.940 -0.007 44898 0.000
_— . 29 9933 019 47118 9009 When we look at the
|| — L 22 0930 0.026 51516. 0.000
| — I 23 0927 -0.013 53696. 0.000 I th t
| — I 24 0924 -0.022 55862 0.000
|| — 0 25 0921 0.007 58015 0.000 Corre ogram1 We See a
| — 10 26 0918 -0.007 60154, 0.000
|| e— n 27 0915 0.007 62280 0.000 AR(l) d I h t I
| — 1 28 0912 0.031 54394, 0.000
|| — L 29 0910 0.011 66496. 0.000 mo e ave o app y
| — 10 30 0.907 0.000 58586 0.000
| — 1| 31 0.904 0.010 7OBES. 0.000
] i 32 0902 0.005 72733 0.000 On data
| — " 332 0.899 -0.040 74789 0.000
| e— L 34 0896 0.026 76833 0.000
| — 1| 35 0.894 0.014 72366 0.000
|| s— L 26 0.891 0.002 g0888. 0.000
Table 4.15: Correlogram of ISCTR
(=) Equation: ISCTR_EGARCH Workfile: BITIRME:Untitled\ - & X [E)Equation: ISCTR.EGARCH Workile: BITIRME:Untitled) -gXx

IViewIProchbJectl [PnntINamelFreeze] [EstimateIForecastIStatsIReswdsl

Dependent Variable: ISCTR_CLOSING

Method: ML - ARCH

Date: 0411713 Time: 21:41

Sample (adjusted). 2 2509

Included observations: 2508 after adjustments
Convergence achieved after 20 iterations
Presample variance: backcast (parameter = 0.7)

LOG(GARCH) = C(2) + C(3)*ABS(RESID(-1}/@SQRT(GARCH(-1))) + C(4)

*RESID(-1)}@SQRT(GARCHI-1)) + C(5)*LOG(GARCH(-1))

Variable Coefficient Std. Error - z-Statistic Prob
AR(1) 1.001282 0.000487 2143.073 0.0000
Variance Equation
C(2) -0.130842  0.012098  -10.81541  0.0000
C(3) 0129679  0.010903  11.89381  0.0000
C(4) 0.026411 0.007458 3541313 0.0004
C(5) 0.993715 0.001303 T62.7688 0.0000
R-squared 0.996428] Mean dependentvar 3222689
Adjusted R-squared 0.996428 S.D. dependentvar 1.406226
SE. of regression 0.084043 Akaike info criterion -2 375387
Sum squared resid 1770758  Schwarz criterion -2.363770
Log likelihood 2983.735 Hannan-Cuinn criter. -2.371170

Durbin-Watson stat

2.024372

Inverted AR Roots

1.00

Estimated AR process is nonstationary

Table 4.16: Equation of EGARCH Model of ISCTR

IViEWIPm(IOmEGI [PrinthamelFreeze] [EstimateIForecastlStatisesms]

-4

250

500

750 1000 1250 1500 1750 2000 2250 2500

— Residual — Actual — Fitted

Table 4.17: Actual-Fitted-Residual of EGARCH Model of ISCTR
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(E) Equation: ISCTR_EGARCH Workfile: BITIRME:Untitled\ - 0 x (=] Equation: ISCTR_EGARCH Workfile: BITIRME:Untitled\ - = X

10 0.042 0041 5.8629 0450

! 1 11 -0.014 -0.014 9.3657 0.498 [
1 | 12 0017 0016 10.058 0525 I
[ | 13 0025 0.025 11619 0477 [
! 1 14 -0.009 -0.009 11.820 0542

! 1 15 -0.020 -0.021 12.800 0.542

[l 16 -0.007 -0.006 12,932 0.608

| 7 0011 0012 13.264 0.653 17 -0.014 -0.011 19.630 0.237
[ 18 -0.000 0002 13284 0718 18 -0.043 -0.040 24274 0112
| 19 0.041 0.041 17548 0486 I | 19 0013 0018 24672 0134
I 20 -0.027 -0.029 19407 0431 [ 20 -0.002 0.005 24683 0171
1 21 -0.019 -0.016 20325 0438 I 21 0001 0001 24688 0214
[l 22 0008 0.004 20485 0.4 22 -0.022 -0.022 25928 0.209
| 23 0012 0011 20852 0530 23 -0.027 -0.028 27768 0183
[l 24 -0.006 -0.007 20955 0.584 | 24 0016 0016 28439 0.200
|
|

10 -0.010 -0.008 11.468 0.245
11 -0.002 -0.001 11.476 0.322
12 0013 0015 11.882 0373
13 0010 0010 12123 0436
14 -0.011 -0.013 12412 0494
15 -0.040 -0.041 16.4714 0.289
-0.033 -0.032 19115 0200

[ViewIProcIDbject] [PrintINameIFreeze] [EstimateIFurecastIStatsIResids] [V\ewlProcIObject] [PrintIName]Freeze] [EstimatelForecast]StatsIResids]
Correlogram of Standardized Residuals Correlogram of Standardized Residuals Squared
Q-statistic probabilities adjusted for 1 ARMA term(s) *  Q-statistic probabilities adjusted for 1 ARMA term(s) ~
Autocorrelation Partial Correlation AC PAC  Q-Stat  Prob Autocorrelation Partial Correlation AC PAC  Q-Stat Prob
" [ 1 0.006 0.006 0.0828 [ ] 1 0.020 0.020 09558
i | 2 -0.010 -0.010 03198 0572 o n 2 0.048 0.047 66534 0.010
" [ 3 0.007 0.007 04330 0.803 i n 3 -0.003 -0.004 66696 0.036
i | 4 -0.015 -0.015 1.0155 0797 [ ] 4 0.021 0019 7.8222 0.050
[ | 5 0.013 0.014 14701 0.832 | | 5 0.018 0.018 8.6499 0.070
| i 6 -0.019 -0.019 2.3574 0.798 i n 6 -0.004 -0.007 8.6901 0.122
] [} 7 0000 0001 23574 0.884 i i 7 -0.013 -0.014 91057 0.168
i I 8 -0.027 -0.027 41357 0.764 i i 8 -0.029 -0.028 11.186 0.131
[ | 9 0010 0011 43682 0822 Il i 9 0.003 0.004 11.204 0190
I I
[ [

oy
=

I 25 -0.004 -0.001 20996 0.639 ! ! 25 -0.007 -0.008 28588 0237
26 0018 0017 21.801 0.647 [l 26 0.004 0001 286718 0.280
27 -0.043 -0.042 26483 0437 I 27 0013 0019 29.067 0.308
28 -0.003 -0.003 26.503 0491 ! ! 28 -0.020 -0.020 30104 0.309
29 0004 -0.001 26536 0544 [ I 29 0030 0029 32383 0259
30 -0.019 -0.016 27.464 0.547 ! 30 -0.020 -0.022 33.381 0.263
31 -0.006 -0.007 27.545 0.595 it 31 0.008 0002 33537 0300
1 | 32 0025 0025 29188 0559 ! 32 -0.014 -0.015 34038 0323
33 -0.034 -0.034 32179 0.458 33 0009 0003 34235 0361
34 0030 -0.026 34429 0.3099 0.018 0.019 35043 0371
35 0006 0002 34519 0443 ! 35 0.004 0005 35092 0416
36 -0.036 -0.040 37.830 0341 ¥ ! 36 0.002 -0.002 35.098 0464 ¥

L
-

Table 4.18: Residual Cor. Of GARCH Model of ISCTR  Table 4.19: Residual Squared Cor. Of GARCH Model of ISCTR

When we apply AR model with EGARCH method, R- Squared is nearly 1. Our
Actual and Fitted graphs are acting like each other also our correlogram of g-statics
and correlogram of squared residuals have no lag.
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4.3.2.4. Model of YKBNK

5 Series: YKBMK_CLOSING  Waorkfile: BITIRME:Untitledy, - B x

[ViewIProcIObjectIProperties] [PrmtINameIFreeze] [SamplelGenrlsneetIGrapnIStats[I
Correlogram of YKBNK_CLOSING

Drats. UHEW T T, U0 0

Sample: 12509 -
Included observations: 2509 -
Firstly Correlogram of

Autocorrelation  Partial Carrelation AC  PAC Q-Stat Prab
e — e A ISCTR have to be analyzed.
| ] | 2 0094 0.026 49798 0.000
| | i 3 0991 0005 74482 0.000 When we look at the
| ] i 4 0988 0004 99024 0.000
| ] I 5 0085 0.008 12342 0.000
= I 6 0982 0.008 14769. 0.000 COI‘rE.‘logram, we see that
= | 7 0979 0.017 47181, 0.000
= i 8 0076 0.001 19581 0.000
= | 9 0973 0015 21968, 0.000 AR(l) model have to apply
= | 10 0.970 -0.018 24341, 0.000
| —] I 11 0967 -0.005 26702, 0.000 on data.
= i 12 0965 0.000 29049, 0.000
—1 | 13 0062 0.015 31383 0.000
= | 14 0958 -0.018 33703 0.000
= 1 15 0955 0.001 36009, 0.000
—1 | 16 0052 0.011 38301 0.000
= i 17 0949 -0.007 40580. 0.000
| — | 18 0946 0.016 42845 0.000
—1 | 19 0043 0.011 45097 0.000
= | 20 0940 -0.024 47336 0.000
= o 21 0938 0.044 49562 0.000
= | 22 0935 0.018 51775 0.000
= | 23 0932 -0.017 53977 0.000
= | 24 0029 0003 56166 0.000
= i 25 0926 0.007 53343 0.000
= i 26 0924 0.000 GOSOE. 0.000
 — | 27 0021 0011 62682 0.000
= | 28 0919 0.017 64804 0.000
= i 29 0916 0.007 66936 0.000
 — | 30 0914 0025 69057 0.000
= I 31 0911 0.003 71169. 0.000
= I 32 0909 -0.005 73271 0.000
 — | 33 0907 -0.026 75362 0.000
= | 34 0904 0.024 77443 0.000
= | 35 0902 0030 79516 0.000
= | 36 0900 0.015 81579, 0000 ¥

Table 4.20: Correlogram of YKBNK

(=] Equation: YKBNK_EGARCH Workfile: BITIRME:Untitle.. - = x () Equation: YKBNK_EGARCH Workfile: BITIRME:Untitled\ -0x
[ViEW]PFOCIObJECt] [PrintIName]Freeze] [ESt\mEtE[FOfECESt]Stﬂt!IRE!id!l [V\EWIPmc[Umedl IPrinthamelFreezel [EstimateIForecastIStatisendil

Dependent Variable: YKBNK_CLOSING
Method: ML - ARCH

Date: 0412113 Time: 07:34 6
Sample (adjusted). 2 2509
Included observations: 2508 after adjustments L5

Convergence achieved after 18 iterations

Presample variance: backcast (parameter=0.7)

LOG(GARCH) = C(2) + C(3)"ABS(RESID(-1)V@SQRT(GARCH(-1))) + C(4)
*RESID(-1)/@SQRTIGARCH(-1)) + C(5)'LOG{GARCH(-1))

Variable Coefficient  Std.Error  z-Statistic Prab.

AR(1) 1.001342 0000448 2236421  0.0000

Variance Equation

C(2) -0.172553 0014138 -12.20881  0.0000
C{3) 0163951 0.011107 1478090  0.0000
C4) 0.024100  0.007670 3142133 0.0017
C(5) 0991243 0001645 6024485  0.0000

R-squared 0.996883 | Mean dependentvar 2.615770 -2

Adjusted R-squared 0.996883 S.D. dependentvar 1.251610

S.E ofregression 0.069883 Akaike info criterion -2.800157

Sum squared resid 1224331  Schwarz criterion -2.738540

Log likelihood 3516397 Hannan-Quinn criter 2795940 -4 T
Durbin-Watson stat 1923775 250 500 750 1000 1250 1500 1750 2000 2250 2500
Inverted AR Roats 1.00

Estimated AR process is nonstationary — Residual — Actual — Fitted

Table 4.21: Equation of EGARCH Model of YKBNK  Table 4.22: Actual-Fitted-Residual of EGARCH Model of YKBNK
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(=) Equation: YKBNK_EGARCH Workfile: BITIRME:Untitled\ - 8 X [=] Equation: YKBNK_EGARCH Workfile: BITIRME:Untitled\, - O X

[View]ProcIObjectl [PrinthameIFreeze] [Estimate[ForecastIStatsIReswds] [Viewl ProcIDbject] [PrintINameIFreeze] [EstimateIForecastIStats[Resids]
Correlogram of Standardized Residuals Correlogram of Standardized Residuals Squared

Sampes £ 20U AT & Eouy

Included observations: 2508 * Included observations: 2508 ~

Q-statistic probabiliies adjusted for 1 ARMA term(s) C-statistic probabilities adjusted for 1 ARMA termis)

Autocorrelation  Partial Correlation AC  PAC 0O-Stat Prob Autocorrelation Partial Correlation AC FAC Q-5tat  Prob

[ | 1 0.039 0039 3.9042 a L] 1 0.091 0091 20676
] [} 2 -0.005 -0.007 3.9703 0.046 [ [ 2 0.029 0021 22760 0.000
[ [ 3 -0.007 -0.007 41046 0.128 i [ 3 0.002 -0.003 22768 0.000
[ | 4 0.014 0015 45979 0.204 [ [ 4 0.021 0020 23848 0.000
[ | 5 0.012 0011 49519 0.292 i I 5 -0.021 -0.025 24952 0.000
i i 6 -0.021 -0.022 6.0851 0.298 i [ 6 -0.010 -0.007 25182 0.000
] [} 7 0.004 00068 61334 0408 i I 7 -0.028 -0.026 27138 0.000
| I 8 -0.036 -0.036 9.3406 0229 [l ] 8 -0.003 0002 27161 0.000
[ | 9 0.026 0029 11.092 0197 i | 9 -0.013 -0.010 27.566 0.001
[ | 10 0.021 0.019 12238 0.200 | | 10 0.010 0012 27835 0.001
[ | 11 0018 0.016 13.047 0.221 i [ 11 -0.002 -0.003 27.847 0.002
[ | 12 0026 0.026 14772 0193 i [ 12 -0.004 -0.005 27.889 0.003
] [} 13 -0.000 -0.001 14772 0254 i I 13 -0.040 -0.039 31.909 0.001
| I 14 -0.024 -0.026 16.193 0.239 i I 14 -0.033 -0.028 34650 0.001
| i 15 -0.015 -0.012 16.750 0.270 i i 15 -0.019 -0.011 35518 0.001
[ | 16 0.017 0.015 17.445 0293 i i 16 -0.023 -0.020 36861 0.001
[ | 17 0.014 0.014 17.917 0329 i [ 17 -0.008 -0.002 37.031 0.002
] | 18 0.007 0.009 18.051 0386 i [ 18 -0.008 -0.007 37.184 0.003
1 | 19 0058 0.059 26467 0.090 i i 19 -0.017 -0.017 37.882 0.004
i I 20 -0.043 -0.048 31.145 0039 [ | 20 0.018 0019 38681 0.005
! ] 21 -0.012 -0.011 31505 0.049 ! I 21 -0.040 -0.046 42772 0.002
[ [ 22 0012 0.011 31.900 0.0860 ! i 22 -0.010 -0.005 43021 0.003
| I 23 -0.022 -0.026 33.073 0.061 i i 23 -0.027 -0.025 44837 0.003
| | 24 -0.021 -0.017 34.184 00863 [ [ 24 0.016 0019 45483 0.003
[l [} 25 0.001 0.008 34185 0.081 i [ 25 0.001 0001 45494 0.005
" [ 26 0.004 0.001 34229 0103 i [ 26 0.000 -0.005 45494 0.007
i I 27 -0.042 -0.039 38.669 0052 [ [ 27 0.014 0013 45975 0.009
| i 28 -0.018 -0.022 39.501 0.057 [ [ 28 0.031 0023 48420 0.007
i I 29 -0.030 -0.033 41.786 0.045 [ [ 29 0.013 0006 48.849 0.009
i I 30 -0.037 -0.035 45277 0028 [ [ 30 0.014 0007 49327 0.011
" [ 31 -0.006 -0.004 45357 0.036 [ [ 31 0.008 0006 49507 0.014
" | 32 0006 0.010 45463 0045 i | 32 -0.012 -0.017 49.896 0.017
i I 33 -0.036 -0.033 48738 0.029 n [ 33 0049 0054 55897 0.008
! I 34 0036 -0.032 51986 0.019 [ [ 34 0024 0014 57378 0.005
] [} 35 -0.004 -0.008 52.037 0025 i i 35 -0.010 -0.017 57.608 0.007
| | 36 -0.023 -0.024 53374 0024 v | ] 36 -0.022 -0.021 58845 0.007 A

Table 4.23: Residual Cor. Of GARCH Model of YKBNK  Table 4.24: Residual Squared Cor. Of GARCH Model of YKBNK

When we apply AR model with EGARCH method, R- Squared is nearly 1. Our
Actual and Fitted graphs are acting like each other also our correlogram of g-statics
and correlogram of squared residuals have no lag.

4.4 FORECAST

4.4.1 Mean Square Error

The mean square error (MSE) of an estimator & of a parameter @ is the function of &
defined by E(8 — 8)? and this is denoted as MSE.

The MSE measures the average squared difference between the estimator & and the
parameter 6 ,0 somewhat reasonable measure of performance of an estimator.

MSE3 = E(@ — 8)2=Var (8) [11]
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4.4.2. Forecast of AKBNK

Our data will be forecasted step by step in 4 degree. We mentioned that there
are two types of forecast. Static forecast and Dynamic Forecast. We use static
forecast at the first step. Dynamic forecast is used for the other steps.

4.4.2.1. First Step

Forecast X .
S At the first step, we
Equation: AKBNK_EGARCH Series: AKBMNEK_CLOSING forecast last 5 terms in
Series names Method our data Wthh are
Forscasrane: | rk sk O D forac modelled by AR with
5.E. (optional): (®) Static forecast
( ) []structural {ignore ARMA) EGARCH and our
GARCH{optional): S ;
[#] Coef uncertainty in 5.E. calc forecast methOd is
Forecast sample Output static forecast_
2505 2509 [+] Forecast graph
Forecast evaluation
["]insert actuals for out-of-sample observations
Cancel
Table 4.25: Forecast of AKBNK at first step
B Equation: AKBNK_EGARCH Workfile: BITRME:Untitl.. - & X M Series: AKBNK_CLOSFS Warkile: BITIRME:Untitled\ -ox
\View | Proc| Object] | rin | Name  Freeze | Estiate | Forecast | Stts | Resics [wew]Pmc]objectlpmpemes] [PrintINamelFreezel Defauk || Sort|Edits/-|smpl:

AKBNK_CLOSFS

= T Forecast .-}(5\-(_3.06’3 2458 NA &
- ol N -
ncluded dbsenabins: 5 2490 hA

&9
Fool Mean SquaredErmor - Q048410

EE] ’_/—/ Weezn Aol Ermor Q03033 2481 NA
Mean Ags PercentEmor - Q431013

Trell ey Costoket Q0WTHE 2492 NA

J— B Prparin 2001736 2493 A
e s | 2404 NA
. 2495 NA
= = 2496 NA
2497 NA
2493 NA
i 2499 NA
030 2500 TA
o 2501 NA
. 2502 NA
2503 NA
e 2504 NA
i 2505 8769949
oies : ; . . 2506 8.789972
meoomE o= 2507 8.850040
08 | 8850040

2509 £.800085 "

Table 4.26: Forecast Graph of Step 1 Table 4.27: Forecast Values of Step 1
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4.4.2.2 Second Step

Forecast x
e At the second step, we
Equation: AKBMK_F1_EGARCH Series: AKBMNK_F1 .
o forecast last 5 terms again
Series names Metho
Forecast name: | akbnk_fif _: Dynamic forecast after fl rSt 5 forecaStEd terms
S.E. (optional): (_) Static forecast .
_ [Cstructural Gonore ARMA) added end of the first model
GARCH(optional): [+] Coef uncertainty in 5.E. calc .
o - and modelled again by AR
orecast sample utpu A
2510 2514 [l Forecast araph with EGARCH. Our forecast
Forecast evaluation

method is dynamic forecast.

[ ] Insert actuals for out-of-sample observations

Table 4.71: Forecast of AKBNK at second step

E]Equation:AKBNK_F1_EGARCH Workfile: BITRMEF1 .. - 2 X B Series: AKBNK_FIFD Workfile: BITIRME F1 - 5:Untitled, - 2 X

[View[ProclObjectl [PrinthamelFreezel IEst\matelForecastlStatslResidsl ViewlProcl(jbjectlpmpertiesl [PrintINamelFreezel Default v | | Sort |Edit+/- | Smpl+
AKBNK_F1FD
# Fureczst AENK_FIF 2493 MA ol
5 Al ARENKFT 2494 NA
o] mcoones | 2495 NA
] — v o | 2496 NA
Mem As Percent Ermor 0312964 2497 NA
! Thell equally Cosfickst DOMT02
) i 2498 NA
T Varlance Proporfion D%lzai 24099 WA
. . ‘ . . CommizcaPrgonin Q0TI 2500 A
=0 =1 o =13 =4 2501 NA
: z 2502 NA
2503 MNA
oot 2504 NA
otoss 2505 NA
otons 2506 MNA
] 2507 NA
o 2508 NA
- 2509 NA
e 2510 8.810216
2511 B.820444
fozzs T T T T
=0 =M =12 =3 = 2512 8830584
2513 8.840935
2514 B8.851199 v
Table 4.28: Forecast Graph of Step 2 Table 4.29: Forecast Values of Step 2
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4.

4.2.3. Third Step

Forecast
Forecast of
Equation: AKENK_F2_EGARCH Series: AKBMK_F2
Series names Methad

Forecast name: | akbnk_f2f

5.E. (optional):

(®) Dynamic forecast
(") Static forecast

[ structural (ignore ARMA)

GARCH(optioral): Coefuncertainty in 5.E. calc
Forecast sample Qutput
2515 2519 [+ Forecast graph
Forecast evaluation

["]1insert actuals for out-of-sample observations

Cancel

Table 4.30: Forecast of AKBNK at third step

At the Third step, we
forecast last 5 terms again
after first 5 forecasted terms
added end of the first model
and modelled again by AR
with EGARCH. Our forecast
method is dynamic forecast.

@Equation: AKENK_F2_EGARCH Workfile: BTRMEF6.. - 2 X B4 Series: AKBNK_F2F Workfile: BITIRME F6 - 10:Untitled\ - B X

[ViewlProclObjectl [PrmthamelFreeze] [EstimatelForecastlStatisesidsl

ViewIProc]Objecthropertiesl[PrmtINameIFreeze] Default v KSOHIEditﬁf-ISmplﬂ

Forecast- AKBNK_F2F
AZEL AENK_F2
Forecas! sample: 25132519
nehded obsenations: §
et g oot Mean Suzned Error
biean Agssoluie Error
I —— Mean A, Percent Emmor
‘Trell inegualfy Coaflickent
Blas Progortion
artanoe Proporin
[ Covrizncs Progortion

Q230077
ik
250%™
0013363
[lreib)
Q077
0.000000

=15 =6 -7 = 513

——Forecasi of Variance

Table 4.31: Forecast Graph of Step 3

2498
2499
2500
2501
2502
2503
2504
2505
2506
2507
2508
2509
2510
2511
2512
2513
2514
2515
2516
2517
2518
2519

43

NA
8.946371
9.003012
9.060012
9117374
9.175098

AKBNK_F2F

Table 4.32: Forecast Values of Step 3



4.4.2.4 Fourth Step

Forecast

Forecast of
Equation: AKBMK_F3_EGARCH

Series names

Forecastname: | akbnk_f3f

5.E. (optional):

Series: AKENK_F3

Method
(@) Dynamic forecast
() Static forecast

[ structural (ignore ARMA)

GARCH(optional): Coef uncertainty in 5.E. calc
Forecast sample Output
| 2520 p524 | Forecast graph

Forecast evaluation

[]insert actuals for out-of-sample observations

Cancel

Table 4.33: Forecast of AKBNK at fourth step

At the Fourth step, we
forecast last 5 terms again

after first 5 forecasted terms
added end of the first model

and modelled again by AR

with EGARCH. Our forecast
method is dynamic forecast.

(5) Equation: AKBNK_F3_EGARCH Workfile: BITIRME F11.. - 5 X 4 Series: AKBNK_F3F Workile: BITIRME F11 - 15:Untitled\, - B X

[Viewle(IObjectl [PrintINamelFreeze] [EstimateIForecastlStatsIResids]

[View[Proc[Object[Propemes] [PrintIName]Freezel Default

v/ [sotEcit+/-] smpi<

24

ELE

284 T

24

Forecast AKBNK_F3F
Actual: AKBNK_F3
nzluded os envations: 5
Finot Mean Squaned Error
heean Absolie Eror
Mean As. Percant Error

Thell nequally Coefickent. Q010459
Bias Proporiion Q57905
\arlance Proportion 0120835
Coariznce Proportion 01000000

T
=0

T
=0 2521

— Forscast I Vanme

T T T
=z el e

Table 4.34: Forecast Graph of Step 4
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2503
2604
2505
2508
2507
2508
2509
2510
2611
2612
2513
2514
2615
2516
2517
2618
2519
2520
2521
2622
2523
2624

NA
8.862239
8.873204
8.884362
5.895444
8.906539

AKBNK_F3F

Table 4.35: Forecast Values of Step 4



Date  RealValues Forecasted Values  RV-FV|  difference %

RO 8% BB 009 MR |05
B o BT 01 28R
WO 8% B 013 1460
mmn e 85 01T 120903%
wows o B89 015 1 GAT28008 10
womn o B 021 2306590
s o B8 026 2 WTBIERNS
1 g B 01T 190580
w9 B 02 36BN | 9
Y, B 0% 306006 hﬂ_mmm
T 8% 053 597TIS
T g 08 8 R  Forecested Velues
o 9 906 08 800 9 S
e 9% 9 06 3R e
R | 96 08 8L
WG 1008 B 120 1376
WmE 105 B 1% MENNR | B
BUMGE 9% B8 0% 110%0%M
MG 93 89 04 448038002
wmE 9 891 051 ST
] S L
F RDIGROTY Arage Dfnce EERR R R R R R R
ggggcoheegepaesneses
sedcgpanidanEanafiad

Figure 4.1. Comparison of Real Values and Forecasted Values of AKBNK

Forecast result of AKBNK is successful, because real values and forecasted values
are acting like each other. The biggest difference is graph of real values shifted up.
This is the result of political choices.
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4.4.3 Forecast of GARAN

Our data will be forecasted step by step in 4 degree. We mentioned that there are two
types of forecast. Static forecast and Dynamic Forecast. We use static forecast at the
first step. Dynamic forecast is used for the other steps.

4.4.3.1 First Step

Forecast X )
At the first step, we forecast

Forecast of
Equation: GARAN_EGARCH Series: GARAN_CLOSING last 5 terms in our data which
Series names Methed are mOdEI Ied by AR Wlth
Forecastname: | garan_dosfs -:j;:- Dynamic forecast EGARCH and our forecast
% optondl) " method is static forecast

. [T structural {ignore ARMA) :
GARCH(optional): Coef uncertainty in S.E. calc
Forecast sample Qutput.

2505 2509 Forecast araph
Forecast evaluation

["]nsert actuals for out-of-sample observations

oK Cancel

Table 4.36: Forecast of GARAN at first step

L T (= 5155 (A Series: GARAN_CLOSFS Workfile: BITIRME:Untitled, - B X
\Vew Proc Oect Pt Name Frees | Estimate | Forecast) Stafs| Resds
I‘Jiew[ProclObjecthroperties] [PrintINameIFreezel Defautt v | |Sort |Edit+/-| Smpl+
* Forecast GARAN_CLOSFS GARAN_CLOSFS
L Actual GARAN_CLOSING =
o8 Forecast sample: 2503 2300
P Included observations: 5 2488 WA A
" Root Mean Squared Emor  0.088336 2489 NA
2 Mean Absolute Error 0.070874 2490 MA
Mean Abs. Percent Emor 0 762969
o Theil Inequaliy Coefficient 0.004762 et NA
ag e Bias Proportion 0009553 2492 NA
T Vaniance Proportion  0.067627 2493 MA
2 . . . Covariance Proportion  0.922621 2404 NA
BE B BW BB Z@ 2435 NA
2495 NA
2497 NA
2493 NA
= 2499 NA
0224 2500 NA
\\ 2501 NA
e 2502 NA
o] 2503 NA
\ 2504 NA
258
\ 2505 9.155122
wef | 2506 | 9195138
wel 2507 | 9205353
HE 26 XW BB AW 2508 9.395519
2509 9.415552 v
Table 4.37: Forecast Graph of Step 1 Table 4.38: Forecast Values of Step 1
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4.4.3.2 Second Step

Forecast X

Forecast of At the second step, we
Equation: GARAN_F1_EGARCH Series: GARAMN_F1 forecaSt IaSt 5 termS
Series names Method agaln aﬂer fII’St 5

Forecast name: | garan_fifd Dynamic forecast

) Static forecast

forecasted terms added

5.E. (optional): —

) []structural (ignore ARMA) end of the first model
GARCH(optional): [¥] Coef uncertainty in 5.E. calc and mOdel Ied again by
Forecast sample Qutput AR Wlth EGARCH Our

2510 2514 Forecast graph ; '
[] Forecast evaluation fOI’ecaSt methOd IS
[ 1insert actuals for out-of-sample observations dynam IC fo recaSt'
OK Cancel

Table 4.39: Forecast of GARAN at second step

(=) Equation: GARAN_F1_EGARCH Workfile: BITRMEF1.. - @ x bA Series: GARAN_FIFD Workfile: BITIRME F1 - 5:Untitledy, - B X

[ViewIProcIDbjectl [Prmt]Name[Freezel [EstimateIForecast]StatsIResids] \"iEWIP"“IObijP"’pmi“] [Print[Name[Freeze] Defautt v [SortIEd\t-r.."-ISmpl-u
GARAN_F1FD
——__ S 2493 NA A
e Forecast GARAN_FIF]
Actual: GARAN_F1 2434 NA
e Forecas! sample 25102514 2495 NA
I %J:egaﬂ:;egagg& ooz | 2496 NA
Vemses paerere aaesy | 2407 A
Thell equally Coeficleet Q004513 2498 NA
£ [ Blas Propord 0033337

"""" '3anaxg:§2:;r.m ;m 2499 NA
Comrzpe Proporton 001I7H 2500 NA
s — — 2501 NA
2502 NA
2503 NA
2504 NA
e 2505 NA
. 2508 NA
_ 2507 NA
S 2508 WA
. 2509 NA
2510 9275522
e 2511 9.291070
ree i i i i 2512 9.308645
=510 =549 =542 2543 =14 2513 9322245

2514 9.337872 o

< >
Table 4.40: Forecast Graph of Step 2 Table 4.41: Forecast Values of Step 2
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4.4.3.3 Third Step

Forecast
Farecast of
Egquation: GARAM_F2_EGARCH Series: GARAM_F2
Series names Method

Forecast name: | garan_f2fd

5.E. (optional): —

[ ] structural (ignore ARMA)

GARCH(optional): Coef uncertainty in 5.E. calc
Forecast sample Output
2515 2519 [¥|Farecast graph
Forecast evaluation

[Jinsert actuals for out-of-sample observations

OK Cancel

Table 4.42: Forecast of GARAN at third step

Dynamic forecast
(! Static forecast

At the Third step, we
forecast last 5 terms again
after first 5 forecasted terms
added end of the first model
and modelled again by AR
with EGARCH. Our forecast
method is dynamic forecast.

= Equation: GARAN_F2_EGARCH Workfile: BTIRMEF6 .. — B X .E Series: GARAN_F2FD Workfile: BITIRME F6 - 10:Untitled\, - B X

ViewI ProclObjed:] [PrintI Mame I Freeze] [EstimateIForecastIStatiseswdsl

Foreczst GARA

ActuEl: GARAN

100 Forecast samplé: 25152519

neluded o enakns §
Fook Mesn Squared Error

£ Mean Absaluiz Erfor

Wiezn Aps. Percent Ermor

Bizs Proportion
Vartanoe Proportion
Covzriancs Proportion

Thell nequally Coeficlent O

01792

o17EE

01724

01720

Table 4.43: Forecast Graph of Step 3

[V\ewlProc]ObjectIProperties] [PrmthameIFreeze] Default v | | Sort | Edit+/-| Smpl+
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NA
9.431370
9.447215
9.463087
9.478985
9.494910

GARAN_F2FD

Table 4.44: Forecast Values of Step 3



4.4.3.4 Fourth Step

Forecast
Forecast of
Equation: GARAM_F3_EGARCH
Series names
Forecast name: | garan_f3fd
S.E. (optional):

GARCH({optional):

Forecast sample

2520 2524

Series: GARAN_F3

Method

(®) Dynamic forecast

_) Static forecast

[ structural (ignore ARMA)
Coefuncertainty in 5.E. calc

Cutput
Forecast graph
Forecast evaluation

[]Insert actuals for out-of-sample cbservations

oK

Cancel

Table 4.45: Forecast of GARAN at fourth step

At the Fourth step, we
forecast last 5 terms again
after first 5 forecasted terms
added end of the first model
and modelled again by AR
with EGARCH. Our forecast
method is dynamic forecast.

E]Equation: GARAN_F3_EGARCH Workfile: BITIRME Fl.. - & X (4 Series: GARAN_F3FD  Workfile: BITIRME F11 - 15:Untitle.. - B X

IViewlProc[ Object] [Printl MName ] Freeze] [EstimatelForecastIStatsIResids]

[V\ewIPm(IObjectIProper‘t\es] [PrintIName[Freezel Default

v | | Sort|Edit+/- | Smpl+

2530
o35
o3z
o130
01316
o131z
01308 . . . .
a5 2531 55 =553 =

— Forecast ot Varana

____________ Forecast GARAN_F3FD 2503
Actuzl: GARAN _F3 26504
Forecast sampie 25202524
mluded dasen s 3 2505
Foot Mean Squared Emor Q077444 J506
Miean Absolute Ermor Q07T

Thell mequally Coeficient 0004109

Table 4.46: Forecast Graph of Step 4
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Wz Ass PercetErnor 0518330 2507

Blzs Propartin nsss| 2508
varevePropon Q00| 9509
Comrlancs Progofikn 01.000000

NA
9.353768
9.369692
9.385643
9.401621
9.417626

Table 4.47: Forecast Values of Step 4



Oate  Real Values Forecasted Values — [RVFY)

s 8%
1130
91
M
191
1190
91

017

37076009 Average Diference

diference %
191152974
146818923

105
10
95
e 5] Vel LS
s Fireraster] Valles
9
-------- Linear (Forecasted Values)
Linear (Real Values)
85

§
FIFIIIILIIS P mc’m@\’ § (\0@\’ yf
AN ARG AAUAL \
P Qx P iy ¢ s Q\\ Qx iy 0\‘ oo ap\\v\@ \@:P\\
PPN EIENEI VPR

Figure 4.2. Comparison of Real Values and Forecasted Values of GARAN

Forecast result of GARAN is successful, because last data of real values and last data
of forecasted values are very close. This means that when we make a long term
investment we can benefit from this study.
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4.4.4. Forecast of ISCTR

Our data will be forecasted step by step in 4 degree. We mentioned that there are two
types of forecast. Static forecast and Dynamic Forecast. We use static forecast at the
first step. Dynamic forecast is used for the other steps.

4.4.4.1 First Step

Farecast x

Forecast of At the first step, we forecast
Equation: ISCTR._EGARCH Series: ISCTR_CLOSING |ast 5 terms in our data Wh|Ch
Seresames tethed are modelled by AR with
Forecast name: | iscir_dosfs () Dynamic forecast

N ®) Static forecast EGARCH and our forecast

.E. (optional): 0

Structural {ignore ARMA) i i

e i oef e o method is static forecast.
Forecast sample Qutput

2505 2500 []Farecast graph

Forecast evaluation

[ ] insert actuals for out-of-sample chservations

Cancel

Table 4.48: Forecast of ISCTR at first step

(=) Equation: ISCTR_EGARCH Waorkfile: BITIRME:Untitled\, - B X &3 Series: ISCTR_CLOSFS Workfile: BITIRME:Untitled\, - X
View[Proc[Object] [Printhame]Freeze] [Estimate]Forecast[Statisesids] [Vigwlproclobject]Prgper‘tigs] [Print[Name[Freezel Defautt v || Sort| Edit+/-| Smpl+

ISCTR_CLOSFS

64

..................... 2488 NA "
s3] e e 2489 NA
nluded obsenatons: 5 2490 NA
614 oot Mean Sguared Errar Qs
f— Miesn Asale Ermor STt 2491 MNA
- mmmmE ) A
w . o) 2 i
' ComrvePrponon sz | 2494 NA
s — . — 2495 NA
== == 2496 NA
2497 NA
2498 NA
o 2499 NA
toss | 2500 hA
| 2501 NA
) 2502 NA
oz |
2503 NA
e 2504 hA
coss | 2505 6.147752
oz . . . . 2506 £.147752
== e = B = 2507 6.207827
2508 §.207827
2509 £.227853 v
p =
Table 4.49: Forecast Graph of Step 1 Table 4.50: Forecast Values of Step 1
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4.4.4.2 Second Step

Forecast X
Forecast of At the second step, we
Equation: ISCTR._F1_EGARCH Series: [SCTR._F1 -
forecast last 5 terms again
S | Method after first 5 forecasted terms
Forecast name: ynamic forecast .
otons) P — added end of the first model
S.E. (optional): ;
arCHtons) []structural (gnore ARMA) and modelled again by AR
Optna [#] Coef uncertainty in 5.E. calc .
with EGARCH. Our forecast
R e method is dynamic forecast.
2510 2514 Forecast graph
Forecast evaluation
[ 1nsert actuals for out-of-sample observations
Table 4.72: Forecast of ISCTR at second step
= Equation: ISCTR_F1_EGARCH Workfile: BITRMEF1-.. - B8 X 8 Series: ISCTR_F1IFD  Workfile: BITIRME F1 - 5:Untitled), -BXx
[ViewIProc[Object] [PrintINameIFreeze] [Est\mate[Forecast[StatsIResids] [ViEW]PfO(IObJECtIPFODEfTiE!] [PrintIName]Freezel Default v | |Sort|Edit=/-| Smpl+
ISCTR_F1FD
a5 - — 2493 MA ~
--------- Pt 2494 NA
o Forecast sample: 25102514 2495 MA
mtensaary owm| 2498 NA
e - i Asaide Erfor ome 2497 NA
Tl comeis | 2498 NA
e s | 499 NA
Comriznce Proporkn D0BS519 2500 NA
R — I 2501 NA
- ; 2502 NA
2503 NA
2504 NA
cesz 2505 NA
ooste 2506 NA
= 2507 NA
o054 2508 MA
00512 2509 MNA
s 2510 6187858
= 2511 6.195725
coses 2512 6.203603
= | @t | oz msts | @su 2513 6.211491
2514 6219380 v

Table 4.51: Forecast Graph of Step 2
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4.4.4.3 Third Step

Forecast X A
At the Third step, we

Forecast of
Equation: GARAN_F2_EGARCH Series: GARAN_F2 forecast last 5 terms again
- Method after first 5 forecasted
Forecastreme: | gren (2 @y forecast terms added end of the first
S E. (optiora): () Static forecast d | d d ” d R

[T structural (ignore ARMA) modael and moaelie agaln
GARCH(optionsl): [v] Coef uncertainty in 5.E. calc by AR Wlth EGARCH
Forecast sample Output Our fOI’ecaSt methOd iS
25152513 M Forecat g dynamic forecast.

Forecast evaluation
[ tnsert actuals for out-of-sample observations
0K Cancel
Table 4.53: Forecast of ISCTR at third step

E]Equation: GARAN_F2_EGARCH Workfile: BIMRMEF6.. - O X 8 Series: GARAN_F2FD  Workfile: BITIRME F6 - 10zUntitled\, - = X

[ViewlProc[Object] [PrintIName]Freeze] lEstimatelForecastlStats]Resids] [V\ewIPm([ObJectlProperties] [Prmthame]Freeze] Defaut v | |Sort| Edit+/-| Smpl+
GARAN_F2FD

o4 Forecast GARAN_F2FD 2498 NA "
. ACtiEl: GARAN_F2 2439 NA
100 Forect S 25153519 2500 NA
oot Mean Squared Ermor Q155443 2501 NA
I e G e A
Trel PRl Costient 0005335 2503 A
b '3;arsla12:grr\.3b:;nm ;m 2504 NA
T Covarlance Proporion 0.000000 2805 MA
= =15 519 2505 NA
2507 NA
2508 NA
e 2509 NA
2510 NA
wonee ] 2511 NA
2512 NA
crmaed 2513 NA
2514 NA
o17ae 2515 9.431370
2516 9.447215
ot7E : . . . 2517 9.463087
=15 =18 =17 o) =19 2518 94?8985

2619 | 0494910 v

Table 4.54: Forecast Graph of Step 3 Table 4.55: Forecast Values of Step 3
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4.4.4.4 Fourth Step

Forecast X
PR At the Fourth step, we
Equation: ISCTR_F3_EGARCH Series: ISCTR_F3 forecast |aSt 5 terms again
ST Method after first 5 forecasted terms

Forecast name: | isctr_f3fd

s e added end of the first model
_) Static forecast

5.E. (optional): - .
o [Jstructural (gnore ARMA) and modelled again by AR
S Mcoefuneranynse e with EGARCH. Our forecast
Forecast sample Output method is dynamic forecast.

2520 2524 [+/|Forecast graph
Forecast evaluation

[]Insert actuals for out-of-sample observations

oK Cancel

Table 4.56: Forecast of ISCTR at fourth step

= Equation: ISCTR_F3_EGARCH Waorkfile: BITIRME F11 -.. - B X kA Series: ISCTR_F3FD  Workfile: BITIRME F11 - 15:Untitledy, - = X
[View]PmcIDbjectl [PrintINameIFreaze] IEstimatalForeca;tlstatsIRasidsl [\u’iewlProcIObjectIProparties] [Print[NameIFreeze] Default ~ | Sort|Edit=/-| Smpl=
ISCTR_F3FD

= — - 2503 NA ~
P : 2504 NA
=t 2505 NA
53 ) 2506 MA
| — ’ o 2507 MA
= Trell nequally Cosfickest  0.000703 2508 MA
o T S| (2508 NA
T Comrance Propomkn 0.000000 2510 NA
s " 2511 NA

2520
2512 NA
2513 NA
2514 NA
o=z 2515 NA
= 2516 NA
oz 2517 MNA
oozds 2518 MNA
oozad 2519 MA
o 2520 6.227175
2521 6.234970
o024

P 2522 6.242775
= e T e e e 2523 6.250591

2524 6.258415 v

< >
Table 4.57: Forecast Graph of Step 4 Table 4.58: Forecast Values of Step 4
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Figure 4.3: Comparison of Real VValues and Forecasted Values of ISCTR

Forecast result of ISCTR is very close to real values. The biggest difference is graph
of real values is starting upward trend when political choices are changed.
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4.45. Forecast of YKBNK

Our data will be forecasted step by step in 4 degree. We mentioned that there are two
types of forecast. Static forecast and Dynamic Forecast. We use static forecast at the
first step. Dynamic forecast is used for the other steps.

4.4.5.1 First Step

Forecast * At the first step, we forecast
Forecast of . -
Equation: YKEMNK_EGARCH Series: YKBNK_CLOSING IaSt 5 terms In our data WhICh

are modelled by AR with
Series names Method
Forecast name: | ykbnk_dosfs (") Dynamic forecast EGARCH and our fO recast
5.E. (optional): @ Static forecast method is static forecast.
) [ structural (ignore ARMA)
GARCH(optional): Coef uncertainty in 5.E. calc
Forecast sample Cutput
2505 2500 Forecast graph
Forecast evaluation

[linsert actuals for out-of-sample observations

OK Cancel

Table 4.59: Forecast of YKBNK at first step

(=) Equation: YKBNK_EGARCH Workfile: BITIRME:Untitle.. - B X {4 Series: YKBNK_CLOSFS Workfile: BITIRME:Untitled\ -mx
[ViewlProcIObJect] [Print[NameIFreeze] [EstimateIForecast[Stats[Resids] [\-’iew]ProcIObJect[Pmperties] [PrintINameIFmeze] Defautt v | |Sort|Edit+/- | Smpl+

YKBNK_CLOSFS

Forecast TKBNK_CLOSFS 2488 NA A
e sl sk closie 2489 NA
"""""""""""""""" CE T ——— 2480 NA
e s 240 ha
/—/\ Ve ADs. PercantEror 0791535 2492 A
il | T ha
L arianes Propartin Q.057791 2404 MNA
P Coartance Propartion Q83175 2495 NA
= = 2495 NA
2497 NA
2498 NA
o 2439 NA
st 2500 NA
~ 2501 NA
= 2502 NA
oo 2503 NA
== 2504 NA
oo 2505 5166023
co 2506 5227004
oo . , . : 2507 5227004
== == 2508 5287084

2509 5247031 v

€ »
Table 4.60: Forecast Graph of Step 1 Table 4.61: Forecast Values of Step 1
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4.4.5.2 Second Step

Forecast
Forecast of
Equation: YKENK_F1_EGARCH
Series names
Forecast name: | ykbnk_fifd
5.E. (optional):

GARCH(optional):

Forecast sample

2510 2514

Series: YKENK_F1

Method
(®) Dynamic forecast
) Static forecast

[ structural ignore ARMA)
Coef uncertainty in 5.E. calc

Output
Forecast graph
Forecast evaluation

[Jinsert actuals for out-of-sample observations

oK

Cancel

Table 4.62: Forecast of YKBNK at second step

At the second step, we
forecast last 5 terms again
after first 5 forecasted terms
added end of the first model
and modelled again by AR
with EGARCH. Our forecast
method is dynamic forecast.

(=) Equation: YKBNK_F1_EGARCH Workfile: BITIRMEF1 -.. - B X 5 Series: YKBNK_F1FD Workfile: BITIRME F1 - 5:Untitledy, - B X

[ViewIProc]ObJectl [PnntINameIFreeze] [Estimate]Forecast]Stats]Resids]

[ViewlPro(]Object]Propemesl [Prmt[NameIFreeze] Default ¥ | Sort| Edit+/- | Smpl+

= Forecast YKENK_FIFD L
=T Actual: YKENK_F1 2484
o Forecast sampke 25102514 2495
3 closed fors: 5

s Ao St Q0 2496

Men Ansaids E nmsEs
2] ————— I'::A:s :J:-se'ﬂrmr 045361 LD
o Thell negually Cosmioent (003153 2498

: Blas Propartis 0030351
" e Ve gt Q7EE 2499
B CoariEveFropton Q140851 2500
e 2501

=10 =1

2502
2503
~ 2504
e 2505
o2 2508
2507
T 2508
= 2509
2510
i 2511
cosst 2512
=0 | mn | mm | omn | mn 2513
2514

Table 4.63: Forecast Graph of Step 2
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5207013
5.214035
5.221067
5228108
5235159

YKBNK_F1FD

Table 4.64: Forecast Values of Step 2



4.45.3 Third Step

Forecast X
Forecast of At the Th | I’d Step, we
Equation: YKBNK_F2_EGARCH Series: YKBNK_F2 fO rec aSt I aSt 5 t erms ag ai n
Series names Method after first 5 forecasted

Forecastname: | ykbnk_f2f (®) Dynamic forecast

. ot O Statc et tgrms added end of the
_ []structural (ignore ARMA) fIrSt mOdel and mOde”ed
GARCH(optionl): Coef uncertainty in 5.E. calc agai n by AR with
Forecastsanpe Output EGARCH. Our forecast
2515 2519 Forecast araph ) :
[ Forecast evaluation method is dynamlc
forecast.

[ "] insert actuals for out-of-sample observations

Cancel

Table 4.65: Forecast of YKBNK at third step

= Equation: YKBNK_F2_EGARCH Workfile: BITIRMEFE -.. - B X 8 Series: YKBNK_F2FD  Workfile: BITIRME F6 - 10:Untitled\, - = x

ViewlProcIObject] [Printhame[Freeze] [EstimateIForecastIStatsIResids] [View[Proc]ObjectIPropertiesl lPrmt]Name]Freeze] Default v | |Sort|Edit+/- | Smpl=
YKBNK_F2FD
= i _ _ 2498 NA n
— Fecer 2699 A
” i Foreczst sample: 2515 2519 2500 MNA
=1 ncludsd obs envations: 5
3 oot Mean Squared Error 2501 NA
- Wean el 2502 NA
52 Miean Ae. Pere 5
Too e o 0w | 2903 NA
= e Bias Propain 0923038 2504 NA
T Comrmretmp  doomn| 2505 NA
4 T T r 2506 NA
= 2507 NA
2508 MNA
2509 NA
souzo 2510 NA
oz | 28511 NA
2512 NA
D0416
2513 NA
= 2514 NA
004124 2515 5.254091
o0 2516 5.261160
2517 5.268239
oo T T T T
=15 ) =17 =18 =19 2518 5275328
2519 | 5282426 =
< >
Table 4.66: Forecast Graph of Step 3 Table 4.67: Forecast Graph of Step 3
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4.4.5.4 Fourth Step

Forecast X
Forecastof At the Fourth step, we
Equation: YKBMK_F3_EGARCH Series: YKBNK_F3 fo I’ecaSt IaSt 5 termS agal n
Series names Method after fl rst 5 fO recasted
Forecastname: | ykbnk_f3fd ynamic forecast terms ad ded en d of th e
5.E. (optional): tatic forecast ;

_ [structural (ignore ARMA) first model and modelled
Rt [#] Coef uncertainty in 5.E. calc agai n by AR Wlth
i “’“t EGARCH. Our forecast
2520 2524 | Forecast graph . )

Forecast evaluation methOd IS dynamIC
forecast.

[ Jinsert actuals for out-of-sample observations

OK Cancel

Table 4.68: Forecast of YKBNK at fourth step

E]Equa‘[ion:YKBNK_F3_EGARCH Workfile: BITRME F11.. - = x B Series: YKBNK_F3FD Waorkfile: BITIRME F11 - 15:Untitled), - O X

[View]ProcIObject] [PrintINameIFreeze] lEst\mateIForecast]StatsIResids] [\-’iew[Pm(IObjectIProper‘ties] [PrintIName]Freeze] Defaut v || Sort| Edit+/-| Smpl+
YKBNK_F3FD
= TS 2503 A A
I Forecast YKENK_For
A Actual: YKENK_F3 2504 HA
= Farecast sampie: 2520 2524 2505 NA
%féﬂ?flﬁ [ — 2506 MA
- " B o
sz h':lﬁg-xr'gmr ;g‘)g"é 2507 NA
= Trell nequalty Cosficket  0.001106 2508 MNA
e, Bizs P Dsew12

51 e 'v‘ana';:grmb:n?rm ;9;;;5 2509 NA
""" Covarlancs Proportion 0,000 2510 MNA
I 2511 NA
2512 NA
2513 A
" 2514 A
e 2515 NA
feas 2516 A
ozez 2517 A
ez 2518 NA
) 2519 NA
e 2520 5.242295
oz 2521 5.249442
o - 2522 5.256505
== = = B = 2523 5.263763

2524 5.270939 v

< >
Table 4.69: Forecast Graph of Step 4 Table 4.70: Forecast Values of Step 4
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Figure 4.4: Comparison of Real Values and Forecasted Values of YKBNK

6011409

Cause of the biggest difference between trend lines is political choices were changed

Forecast result of YKBNK’s trend line and trend line of real values like each other.
at this time interval.



5. CONCLUCION

Forecast applications are one of the most important parts of the decision stages of
investment strategies. To estimate future stock prices, proper models and methods
must be used in forecast application. In our study, we forecasted 20 days stock prices
of four banks in BIST. Then we compared real values and forecasted values of stock

prices and calculated error.

In our study, we made tests on our data which are ADF Unit Root Test and
comparative GARCH-EGARCH test. Then we used AR Model and EGARCH
method according to our test results. We divided our application into 4 steps and
used same method and model in every step. In addition to this method we used static

forecast in first step and used dynamic forecast in other steps.

Firstly we analyzed the correlogram of the data and consider the lags which are out
of the confidence interval. Then we used AR Model to clear lags from
autocorrelation and partialcorrelation. In our first data (stock price of AKBANK), we
applied GARCH and EGARCH methods separately. EGARCH method gives better
results then GARCH method, so we used EGARCH method for all of our data.
According to our Forecast results, real data and forecasted data acted like each other

by a particular error interval.

In conclusion, if we make mathematical approach to forecast results, EGARCH
Method is the best method for Forecasting stock price values which contain volatility

and they are also financial time series data.
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02.2012 - 08.2012 Hochschule fiir Technik Stuttgart (Erasmus)

2004 - 2008 Adnan Menderes Anadolu Lisesi

1996 - 2004 Dr. Refik Saydam 1.6.0
Deneyim:

02.13 - ... Danone - Tikvesli Biitce Kontrol ve Raporlama Stajyeri

07.11 - 08.11 Grid Telekomiinikasyon A.$ Finans Staji

06.11 - 07.11 iTU Fen - Edebiyat Fakiiltesi Aktiierya Staji

07.10 - 08.10 Yapi ve Kredi Bankasi Perpa Ticari Subesi Yaz Staji
Ozellikler:

Yabanci Dil: ingilizce (ileri seviye) , AImanca(Baslangic)
Bilgisayar: Windows Office Uygulamalarn, SQL, E-views
Topluluklar: Bir yillik Matematik ve Bilgisayar Kuliibii aktif dyeligi



