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ABSTRACT

Forecasting in business and economics is the process that helps investors to manage risk and
uncertainty for the statements which have not yet been observed. Forecasting is widely used in finance,
business, and economics. Forecasting is also very important for stock markets since it defines the
amount of the profit.
Traded annual value of Istanbul Stock Exchange was 80 billion USD in 2001 and it reached the value
of 424 billion USD in 2011(ISE's View and Vision for the Future, 2012). The success of Istanbul Stock
Exchange increases the importance of the forecasting techniques that produce more accurate forecasts.
The forecasting models are defined as quantitative and qualitative models. Qualitative forecasting
methods are based on human judgment and opinions. Qualitative methods are preferable when there is
insufficient data to make forecast. Qualitative forecasting methods can capture some nuances that very
simple or very complex quantitative forecasting methods may not capture. These types of methods can
improve forecasting accuracy by using the flexibility that owns in its nature. On the other hand these
methods can bias the forecast and increase the forecast error. Time series forecasting models and
associative (causal) forecasting models are two main types of the quantitative forecasting models. Time
series forecasting models are more preferable for the forecasting of stock markets. There are more than
60 different techniques that can be considered as time series forecasting. The selection of the best
model aims to increase the forecasting accuracy. Since there are many different individual forecasting
methods, it is not easy to define and select the best model in advance. There is also ambiguity of the
existence of the best separate model ambiguity of the existence of the best individual forecasting
model.
Combining forecasting is another method to make forecast. It is based on the idea that combination of
some individual forecasting methods may produce better forecasting accuracy. Research shows that
combining forecasting has potential to increase the forecast accuracy. This study proves that combining
forecasting method increases the forecast accuracy by applying some stages to the process of
forecasting. It also shows the most effective way to combine the individual forecasting methods. The
methodology is based on the mixed methods which includes both quantitative and qualitative method.
Combining method is used to perform the daily Istanbul Stock Exchange National 100 index (ISE100)
historical data between the time period of 2006 and 2012. Time series forecasting methods are used to
iii

make forecast after adjusting the sample size. Forecasting performance for each individual method is
calculated by using error measurement techniques. The nine forecasting methods are chosen and
ranked according to their forecasting performance. In the next stage these models are combined by
choosing 2, 3, 4, 5, 6, 7, and 8 models. The number of combination is over 500. All these combinations
are evaluated by using the error measurement that used for individual forecasting method. The
combination of the models till this phase is based on only quantitative approach. The next phase
includes qualitative approach. The opinions and judgment of the analyst is included into the
combination process. These opinions and judgment are based on the observation and conclusion
derived from the real data therefore combination process is modified by quantitative and qualitative
methods. One main objective of this study is to increase forecast accuracy for ISE100 daily index by
combining individual forecasting methods and specify the appropriate way for effective combination.
The contribution of combining forecasting method for better forecasting accuracy has been shown by
using the data of daily ISE100 index between the period of 2006 and 2012 in this study. Combining
quantitative methods has decreased the forecast error however the best forecast accuracy has been
achieved by involving judgmental forecast in the process of combination. However the study
encountered a number of limitations that need to be considered. Combining forecasting method failed
to gain accuracy in forecasting index movement direction. The forecast accuracy was not affected by
the combining method. The results show that ARIMA models outperform all other individual
forecasting methods in this study. The combinations which produce better forecasting results involve at
least two ARIMA models. The empirical study clearly demonstrates the superiority of ARIMA models.
Armstrong (1989) suggested using the methods that differ substantially from one another with respect
to the data used and he suggested (2001) using at least five different individual forecasting methods,
Makridakis and Winkler (1983) achieved the best forecasting accuracy by combining five methods.
However combining different methods that are completely different type of forecasting methods failed
in producing gains in accuracy in this study, furthermore combining four methods with adding
judgmental forecast produced the best forecasting accuracy.
Evidence based study shows that the theory of this has three implications. First, since the real data are
used findings have showed the practical importance of the theoretical part of the thesis. Second, this
evidence based study also shows that there is a possibility of improving forecasting accuracy by
combining forecasting method. Third, if quantitative approach of forecasting is modified by qualitative
iv

approach the chance of achieving better forecast accuracy increases. This study encourages the
researchers to focus on combining forecasting method that includes quantitative and qualitative
approach to make forecast not only stock indices but also stock prices, financial, and economical
forecasting.
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INTRODUCTION

Subject of the Study
The Istanbul Stock Exchange was established at the end of 1985 and it was opened in early 1986. The
Istanbul Stock Exchange National 100 Index (ISE100 or XU100) is a capitalization-weighted index
composed of National Market companies except investment trusts. The companies that included in the
index are selected on the basis of pre-determined criteria. The base date is January 1986 and base value
is 1 for the Turkish Lira based price. Subject of the study is the application of the combining
forecasting method for the daily Istanbul Stock Exchange National 100 Index.

Background of the Problem
Forecasting in finance is the process of the prediction of future business activities. Forecasting is
important for business institutions since it helps to improve effectiveness and it helps to adjust
unexpected changes in business environment. A successful forecasting of stock market could yield a
significant profit furthermore a successful forecasting can limit the risks and it can prevent investors
from unpredictable future price movements therefore forecasting stock prices is becoming very
important for financial analysts and researchers in financial field. However there are two completely
opposite theorem about predictability of stock prices. According to efficient-market hypothesis the
stock prices follow a random pattern that is random walk hypothesis. On the other hand the other
theorem suggests that the stock prices are predictable using some methods. The history of predicting
stock prices or returns is probably as old as the markets themselves. Markowitz’s Portfolio Selection
(1952) is milestone for the predictability of stock returns or prices. Markowitz suggested a
mathematical model based on some assumptions. Although some assumptions like ‘no taxes’,
‘information is available for everybody and it is costless’, ‘no transaction cost’ do not exist in real
world, the tools developed by him allow to measure the risk and return. His formula stated a linear
relationship between return and risk. After him Sharpe, Lintner, and Mossin independently developed
Capital Asset Pricing Theory (CAPM) based on Markowitz Portfolio Theory in 1964, 1965, and 1966
respectively. CAPM claimed that there is a linear relation between expected return and beta
(covariance of rate of a stock return and market return divided by variance of market return).
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Ross (1976) introduced Arbitrage Pricing Theory (APT) instead of extending the CAPM. Although the
CAPM has only one explanatory variable which is beta APT is defined as a model which is a linear
function of various factors. Merton (1973) introduced intertemporal capital asset pricing model
(ICAPM). Fama and French (1993) found that the two classes of stocks are better than the others. The
value stocks have provided much better return than growth stocks that is stocks which have high book
to market ratio and the small stocks have provided much better than large stocks in the market as a
whole. Fama-French 3 factor model was introduced by adding these two factors. Forecasting methods
are separated into two main groups as qualitative forecasting methods and quantitative forecasting
methods. Quantitative forecasting methods are based on mathematical modeling. Quantitative
forecasting methods can also be separated into two main groups as time series models and associative
(causal) models. Asset pricing models are based on associative forecasting models. CAPM and ICAPM
have only one explanatory factor, Fama-French model has three factors to explain the stocks prices
movement. APT has ‘n’ number of factors however the number of the factors and the identification of
these factors are not specified in the model. Haznedaroglu and Tas (2010) searched the effects
macroeconomic variables such as national gross product, industrial production index, and etc and the
financial data like interest rate and exchange rates on the predictability of Istanbul Stock Exchange
National 100 index. They concluded the fact that there are too many variables-including
meteorological and astronomical variables- that affecting Istanbul Stock Exchange National 100 index.
Tursoy, Gunsel, and Rjoub (2008) examined the Arbitrage Pricing Theory in Istanbul Stock Exchange
Market empirically during the period of February 2001 and September 2005. Tursoy and et al.
concluded that the results of the empirical tests showed that there was no significant pricing relation
between the stock return and the tested macroeconomic variables. On the other hand time series
forecasting methods assume that the future will follow the similar pattern as the past. Therefore time
series forecasting methods are based on the historical data to make forecast for future outcomes.
Moving average, exponential smoothing, autoregressive (AR) models, autoregressive moving average
(ARMA) models, autoregressive integrated moving average (ARIMA) models, and autoregressive
conditional heteroskedasticity (ARCH) type models are some types of time series forecasting methods.
There are more than 60 different techniques that can be considered as time series forecasting
(Retrieved

from

http://www.sagepub.com/upm-

data/4913_Mentzer_Chapter_3_Time_Series_Forcasting_Techniques.pdf,

November

2012).

Qualitative forecasting methods are another alternative way to make financial forecasting. These
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methods are based on human judgment and opinions. Qualitative methods are preferable when there is
insufficient data to make forecast. Qualitative forecasting methods can capture some nuances that very
simple or very complex quantitative forecasting methods may not capture. Qualitative methods can
improve forecasting accuracy by using the flexibility that owns in its nature. On the other hand these
methods can bias the forecast and increase the forecast error. Both time series forecasting methods as
quantitative methods and qualitative methods have been used to make forecast for Istanbul Stock
Market. From the simplest to very complicate forecasting methods were applied to make forecast.
Asarkaya (2010) used eight different models; random walk, historical mean, exponential smoothing,
ARCH(1,1), GARCH(1,1), EGARCH(1,1), APARCH(1,1) and GJR-GARCH(1,1) to forecast weekly
volatility of Istanbul Stock Exchange 100 Index between 2002 and 2008 and concluded that
exponential smoothing which was not the most complicated method had the best forecasting accuracy.
Yumlu, Gurgen, and Okay (2004) used mixture of experts and they stated that in short term Mixture of
Experts model was observed as a more powerful forecasting method.

Statement of the Problem
Asset pricing models are based on associative (causal) models. These models showed poor forecasting
performance (Simin, 2008). The associative models try to explore cause-and-effect relationship and use
decided indicators to make forecast. Since there are too many factors that affecting stock markets, asset
pricing models have poor forecasting performance therefore these models are not preferable to make
forecast for stock markets. Time series forecasting methods as quantitative methods have been used
instead of asset pricing models for the purpose of prediction of future stock markets movements. There
are more than sixty different time series methods. Qualitative methods have also been used in this field
of forecasting. Smith and Ryoo (2003) used multiple variance ratio test to investigate the behavior of
the ISE100 index movements. Balaban (1995), Cevik and Yalcin (2003), Tas and Dursunoglu (2005),
Yavuz and Kiran (2010) studied on randomness of ISE market. Tursoy, Gunsel andRjoub (2008) and
Haznedaroglu and Tas (2010) examined the cause-effect model for ISE market. Ok, Atak and Akcayol
(2011) and Aygoren, Saritas and Morali (2012) used very complex forecasting methods but results
indicated that these methods produced less forecasting accuracy. Yumlu, Gurgen and Okay (2004)
used mixture of expert method and some other quantitative forecasting methods and they found that
forecasting performance differed. Asarkaya (2010) used eight different forecasting methods for
forecasting of ISE 100 index.
3

The methods that are used in this study are already found and applied for many years for stock market
forecasting. However there is a gap in the knowledge about stock market forecasting because of the
ambiguity of the existence of the best separate model and the selection of the best separate model.

Purpose of the Study
Istanbul Stock Exchange National 100 index will be forecasted by using combination of both
quantitative and qualitative methods. Combined and individual forecasting methods will be compared
through the analysis of the results of the study to find out which of these methods are superior. The
purpose of the study is to apply individual forecasting methods and their combinations to the real data
that is Istanbul Stock Exchange National 100 index to investigate the models’ forecasting performance,
to compare them to figure out superior model and analyze the empirical results. Research design is
based on using mixed methods. One-step ahead in-sample forecasting will be applied to make forecast
of Istanbul Stock Exchange National 100 Index for the period of 2006 and 2012.

Novelty and Importance of the Study
The main objective of this study is to find out the effects of combination of individual forecasting
models on forecast accuracy for ISE National 100 Index. Even though many researchers worked on
combining forecasting, very few reported analysis about combination process. Many papers compared
the combining forecasting and individual forecasting method. Although there are similar work, but in
the present work hundreds of combinations will be formed by using individual forecasting methods
which will be chosen after applying many different criteria through a long selection process and this
study will be based on real data. Therefore hypothesis of the study will be tested by conducting
evidence-based study. Effects of combination of models on the forecasting of stock index movement
direction also will be analyzed in this study for the case of ISE National 100 Index.
Another novelty of the study is testing effects of modifying the combination by adding the expert’s
opinion and judgment from the facts that based on the empirical results and the behavior of the series.
A better forecasting accuracy helps the investors and managers to provide relevant and reliable
information about present and future events in stock market. Important decisions can be given
confidently by managers if forecasting provides information about the potential future events and their
4

consequences for possible stock market movements. A better forecasting method reduces the level of
uncertainty for the investors and managers. Traded value in Istanbul Stock Exchange per year is around
400 billion US dollar in the last years so even 0.01% changes in the accuracy means a lot for the
investors, managers, and financial analysts.
Motivation, Primary Research Questions and Hypothesis
It is known that forecasting is very important in economics and finance but what is the best method to
make forecast? Deciphering the best forecasting method is not an easy task.
The process of the selection the best forecasting method in advance is not possible in most cases.
Rather than trying to make forecasting by a single method, combining forecasting by using separate
models can be taken into consideration to make forecast.
Can the combination of different forecasting models produce a better forecasting accuracy than the
separate models? This is the primary research question in the study. How to combine separate models
and which models to combine are the other research questions in the study. Can involving judgmental
method in combination method help to increase forecast accuracy? Using combination of forecasting
methods instead of individual forecasting methods increases the accuracy of forecast for ISE National
100 Index is the hypothesis of the study.

Research Design and Theoretical Framework
The subjects of the quantitative and qualitative study in this paper are the historical daily Istanbul
Stock Exchange National 100 Index (ISE100). The sample that is taken for the study is the period of
2006 and 2012. Research is based on combination of the quantitative and qualitative research methods
which is called mixed method. The procedure that will be followed as theoretical framework is started
by applying quantitative methods to ISE100 between the period of 2006 and 2012. The behavior of the
ISE100 index movements will be investigated by using unit root and variance ratio test. Although the
forecasting methods are based on time series methods why the associative (causal) forecasting methods
are not preferable will be explained very briefly. Simple moving average, exponential smoothing,
autoregressive models, autoregressive moving average models, autoregressive integrated moving
average models, and autoregressive conditional heteroskedasticity type models will be applied to make
forecast as an application of separate models. Forecast accuracy will be evaluated by using mean error,
mean absolute error, mean absolute percentage error, and mean squared error. New forecasts will be
5

generated by using combined methods that including both quantitative and qualitative methods. These
results will be compared by forecasts that are generated by separate models. In the conclusion these
results will be analyzed and combining forecasting method and separate models will be compared by
through the empirical results. This study includes both theoretical and practical research.
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CHAPTER ONE LITERATURE REVIEW

1.1 Asset Pricing Models
Forecasting stock prices has become a vital issue for analysts and researchers in the field of finance.
Numerous empirical works and investigations have been done by academicians especially for two last
decades. A huge literature has been considered about predictability of stock returns. Financial
economists have been trying to find out an answer of the important question: Are stock returns
predictable? Some economists claimed that forecasting of stock returns is possible and they tried to
prove their ideas by empirical evidence. Empirical works have been showing that stock returns are
predictable cross-sectional and by time. There is a plenty of research about stock returns but there is a
lack of research about stock indexes. Stock returns forecasting models are based on the idea that there
is a correlation between stock prices and some factors. These factors are defined in some models but
not in some other models. However in every model introduced below stock market index is one of the
factors that affecting stock returns. Therefore the theories and concepts in these models will give idea
about the predictability of stock market index and the direction/sign of the stock index movement since
they try to state possible relation between individual stocks and stock market index that the chosen
stocks traded.

1.1.1 Markowitz Portfolio Theory
The predictability of stock returns has been started to be discussed after Markowitz’s article which is
Portfolio Selection (1952). After almost forty years his work was awarded by Nobel Prize. Empirical
studies in finance show that forecasting stock returns is possible by developing some models.
Markowitz developed an idea on stock returns under some assumptions. Although some assumptions
like ‘no taxes’, ‘information is available for everybody and it is costless’, ‘no transaction cost’ do not
exist in real world, the tools developed by him allow to measure the risk and return. Markowitz built
his theory on the following assumptions:
An investor wants to maximize returns for a given level of risk or wants to minimize risk for a given
level of return. His model is a single period model. According to this model an investor has a certain
amount capital to be invested over a single time period. The risk and return influence the investment
decision. The investor bears for a higher risk if she or he gets a higher return.
7

As it can be seen in the figure 1 if there are portfolios with same level of expected returns investors
would prefer less risky option therefore there will be a movement to left-ward. If there are portfolios
with same level of risk then investors’ choice will be the option which brings higher expected returns
so an upward movement will be observed.

Figure 1: ISE Stock Market Daily Average Traded Value (US $ Million)
ISE Stock Market Daily Traded Value (US $Million)
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According to Markowitz Portfolio theory investors choose the optimum portfolios which lie on this
curve. An investor who can bear more risk choose portfolios that are on upper part of the curve and
investor who is a risk-averse choose portfolios that are lower part of the curve. It was shown in
Markowitz Portfolio selection that the variance of rate of returns is measure of risk of return under
some assumptions. The formula developed by Markowitz proved that diversifying portfolio reduces the
total risk.
The curve in the figure 3 is known as Markowitz efficient frontier and according to Markowitz
investors choose the optimum portfolios which lie on this curve. An investor who can bear more risk
choose portfolios that are on upper part of the curve and investor who is a risk-averse choose portfolios
that are lower part of the curve.
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Figure 2: Illustration of investor’s behavior under Markowitz’s assumption
E[R]

Ϭ
(where E[R] is expected return and Ϭ is risk.)

Figure 3: Markowitz efficient frontier
E[R]

Ϭ

It was shown in Markowitz Portfolio selection that the variance of rate of returns is measure of risk of
return under some assumptions. The formula developed by Markowitz proved that diversifying
portfolio reduces the total risk. He could develop a formula which allows risks to be measured.
According to formula there is a linear relationship between expected return and risk.
His founding can be expressed as follow:
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E[R]= ∑

( )

where R is the portfolio return and

the return on asset i and wi the weighting

of component asset.
Ϭ2= ∑

where Ϭ2 is portfolio return variance and

∑

=

and

is the

correlation coefficient between the returns on assets i and j.
According to theory expected returns and risk can be stated as follow:
E[R]=w1E[R1]+w2E[R2] and since w2=1-w1 , expected return can be written also as:
E[R]=w1E[R1]+( 1-w1)E[R2]
Portfolio of two assets can be stated as
Ϭ2=

+

+2w1w2

Since w2=1-w1 portfolio of two assets can be written also as:
E[R]=

+ (1-w1)2

+2w1(1-w1)

Markowitz won Nobel Prize in 1990 for his research about portfolio theory. However he was criticized
by many economists since implementation of the theory requires lots of effort to evaluate data and
since it uses historical data the prediction will not be accurate. In addition the assumption that stock
returns are normally distributed is not true in reality. Although there are many critiques about his
portfolio theory, this theory is considered as a reasonable theory.

1.1.2 Capital Asset Pricing Theory (CAPM)

CAPM is based on Markowitz Portfolio Theory and it describes the relationship between the risk and
return of a portfolio. Sharpe, Lintner, and Mossin independently developed CAPM (capital asset
pricing model) in 1964, 1965, and 1966 respectively. The model is based on the following assumption:

All investors:
1. Aim to maximize economic utilities.
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2. Are rational and risk-averse.
3. Are broadly diversified across a range of investments.
4. Are price takers, i.e., they cannot influence prices.
5. Can lend and borrow unlimited amounts under the risk free rate of interest.
6. Trade without transaction or taxation costs.
7. Deal with securities that are all highly divisible into small parcels.
8. Assume all information is available at the same time to all investors.
(Glen, 2005)
Actually the CAPM is a simple model which is based on sound reasoning and some of the assumptions
-all investors have the same information, information is costless, and there are no taxes transactions
costs- are unrealistic in market. Capital Asset Pricing Model (CAPM) tries to calculate investment risk
and it describes the relationship between the risk and expected return of an investment.

Figure 4: Markowitz frontier

Source: Marotta, 2012
Any investor has some options to invest in the market. He/she can invest a risk-free interest rate. U.S
treasury bills can be considered as risk-free investment for dollar and German government bills. In the
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figure 5 %a return can be get from a risk-free investment. In the second option there is a risky
investment and the risk is systematic risk. Systematic risk is called market risk. If %a or less return rate
is offered to investor then there will be no investor for this investment since it is assumed that all
investors are rationale and risk-averse. So there must be an additional return for market risk which is
called risk premium. In the third option there is a highest risky option. This option can be regarded as
stocks of a company. Question is:
If %a+%b return is obtained for market risk then what should be the rate of return or what is the
required return rate for those stocks. The CAPM tries to find an answer for this question.

Figure 5: Finding required return in the CAPM as a basic idea
Risk in investment return

Risk-free asset

a%

+b%

Systematic
risk

Risky
asset

risk
premium
a%

Required
return
?%

12

The Security Market Line is a consequence of Capital Asset Pricing Model. The x-axis represents the
risk which is shown by beta and it is measured by the standard deviation of portfolio return and y-axis
represents the expected return and it is shown by E[R].
The basic idea of behind the CAPM is to find out the investment risk and what return on investment
should be expected.

Figure 6: Security Market Line
E[R]

Market expected rate of return
Rf

β=1

β

If the followings are defined as:
Ri: rate of a stock return
Rm: rate of market return
β: cov(Ri,Rm)/ var(R m)
Rf: risk-free rate
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The y-intercept is the nominal risk-free rate which is available for the market. When beta is equal to 1
then expected return is equal to market return and when beta is zero expected return is equal to riskfree rate. By using simple math the equation of the line above is found as follow:
Ri=Rf + β(R m-R f)
So in CAPM the rate of a stock return is defined as risk-free rate plus product of beta and market risk
premium (R m-R f). The slope of the SML shows the market risk premium.
Capital Asset Pricing Model is based on the foundation of Markowitz’s portfolio theory. The model
has been used as a determination of expected return and investment risk. In the model, it is claimed that
there is a linear relation between expected return and beta. Beta is the only explanatory power in the
CAPM world.
In the Sharpe-Litner version of the Capital Asset Pricing Model the expected return on assets whose
returns are uncorrelated with market expected rate of return is equal to risk-free rate. Douglas’ (1968)
cross-section regression test rejected the prediction of this assumption.
Jensen (1969) examined the Capital Asset Pricing Model by empirical tests. He concluded that the
CAPM can be used to develop a model for evaluating the performance of portfolios.
Black, Jensen, and Scholes (1972) tested the CAPM to find a relationship between average return on a
stock and average return on market. They aimed to present some additional tests to avoid some of
problems of the Capital Asset Pricing Model. All previous tests had been conducted cross-sectional
methods and regression analysis. However Black, Jensen, and Scholes (1972) tested the CAPM by
time series analysis by the contrast of the others. Their findings showed that the intercept term is time
varying and it is not equal to zero. Furthermore the results indicated that when beta is greater than 1 the
intercept is negative and when beta is less than 1 beta is positive. In addition instead of selecting one
security at random they used all securities listed in NYSE in the period between 1926 and 1966. They
found a relation on the expected excess return on an asset and its beta. However there is no strict
proportion between them. The results that were concluded by Black, Jensen, and Scholes (1972)
violated the Capital Asset Pricing Model.
Fama and MacBeth (1973) tested the relationship between average return and risk. They used common
stocks traded in New York Exchange. The theory of “two parameter portfolio model” was tested by
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them as a basis. In this theory the capital market is assumed to be perfect, investors are price takers, no
information cost, no transactions cost. It is also one-period model and investors are assumed to be risk
averse as in the Capital Asset Pricing Theory. They concluded that the relationship between average
return and risk cannot be rejected as a hypothesis on New York Exchange common stocks. However
they observed stochastic non-linearity from period to period it was not enough to reject risk and return
effects are zero and unpredictable.
According to CAPM there is no another factor that affecting the stock prices. Basu (1977) stated some
contradictions as an early study against the CAPM. In his paper he tried to determine empirically a
relationship between investment performance of equity securities and their P/E ratios (market price per
share/annual earnings per share). He used the data between April 1957 and March 1971 and he
observed that the low P/E portfolios have higher absolute and risk-adjusted rates of return than the high
P/E. This is a violation in the CAPM world. Basu (1983) examined the relationship between earnings’
yield, firm size and returns on the common stock of NYSE firms. He found some relationship between
earnings’ yield and firm size on the returns of NYSE firms during the period 1963 and 1980. He also
proposed that the common stock of high E/P ratios firms seemed to have earned higher risk-adjusted
returns on average than the common stock of low E/P ratios. However he claimed that the results in his
paper showed that the E/P effect is weak for larger firms on average. Furthermore the common stock of
small NYSE firms appeared to earn higher returns than the common stock of large NYSE firms in
Basu’s work.
Roll (1977) searched possibility of testing the CAPM. In the CAPM there are two parameters- return
and beta- which there exists a linear relation between them. Roll claimed that testing these two
parameters in the model was almost impossible in his work. And end of the work he claimed that
testing the CAPM is not possible.
Banz (1981) checked the relationship between return and market value of NYSE empirically. He
documented that smaller firms had higher risk adjusted returns than larger firms on average. He made
critiques about CAPM that the CAPM postulated a simple linear relationship between the expected
return and the market risk. The empirical test results also showed that additional factors were affecting
asset pricing.
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Rossenberg, Reid, and Lanstein (1985) tested earnings to stock price ratio and book to market equity
ratio as strategies by using 1400 stocks. They found that these variables are explanatory variables after
their empirical tests.
Jaffe, B.Keim, and Westerfield (1989) researched the relationship between stock returns and effect of
size and price/earnings ratio. They used longer time period to investigate the effects on stock returns.
They stated size effect and P/E on stock returns.
Fama and French (1992) used all nonfinancial firms in the intersection of the NYSE, AMEX, and
NASDAQ return files from the Center for Research in Security Prices (CRSP) and the merged
COMPUSTAT annual industrial files of income statement and balance-sheet data, also maintained by
CRSP. The reason why they did is that having high leverage for financial firms is a normal situation.
Fama and French (1992) stated that there are some contradictions in the CAPM. They accepted that
there is a simple relationship between average return and beta during the period between 1926 and
1968. However this relationship disappeared in the period of 1963-1990. It was seemed size of firms,
E/P ratio, leverage, and book-to-market equity are all scaled versions of stock prices. As a result they
found that size of firms and book-to-market equity captured the cross-sectional variation in average
stock returns joined with size of firms, E/P ratio, book-to-market ratio, and leverage during the period
between 1963 and 1990.
Roll and Ross (1994) claimed that there exists an exact linear relation between expected return and
beta if the market portfolio is on the ex-ante mean variance efficient frontier. However the empirical
research found a weak relation between sample mean returns and estimated betas according to them.
Since the cross-sectional Ordinary Least Squares relation is very sensitive to the determination of an
index it can produce very different cross-sectional slopes either positive or negative and even zero.
They concluded that virtually any proxy for the market index will produce a positive cross-sectional
relation between mean returns and betas for the large samples.
In the CAPM the rate of a stock return is defined as risk-free rate plus product of beta and market risk
premium (R m-R f). CAPM can be used for all stock after estimating beta.
Estimation of beta and market risk premium is the critical point in CAPM. Beta can be calculated as
daily, monthly or yearly and all give different betas. Calculation of different time intervals gives also
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different betas and market risk premium also changes over time. The required estimations can be found
after collecting lots of historical data.

1.1.3 Arbitrage Pricing Theory (APT)
The CAPM was started to criticize that after some empirical tests were done by some financial
analysts. In the CAPM world there is only one explanatory variable which is beta. So according to this
theory differences of stock returns among different stocks can be explained only by beta. Different
betas mean different stock returns. In this model forecasting of stock prices is based on beta since it
only influences stock returns. However the empirical tests show that size of firms, P/E ratio, and
leverage can be explanatory variables in some periods in the chosen market.
Ross (1976) introduced Arbitrage Pricing Theory instead of extending the CAPM. The Capital Asset
Pricing Model has only one explanatory variable which is beta. However Arbitrage Pricing Theory can
be defined a model which is a linear function of various factors. These factors are macro-economic
factors or market indices. In the CAPM beta measures the sensitivity to changes market and considered
stock. Since there are various factors in Arbitrage Pricing Theory there are many beta coefficients
which measure sensitivity to changes in each factor. The APT can be expressed as follow:

E(Rj) = Rf + aj1F1 + aj2F2 +…+ ajnFn+ ϵj
where

Rf is a constant and it represents risk-free rate,
Fk is a systematic factor,
ajk is the sensitivity of the jth asset to factor k,
and ϵj is the random noise.
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Ross (1976) put forth a careful basis for his theory, and he expressed the conditions which are
sufficient to support his arguments. The empirical tests of his works provided productive results.
The Arbitrage Pricing Theory is less restrictive in its assumptions when it is compared with the Capital
Asset Pricing Theory. The assumptions of the APT can be expressed as follow:


It assumes that expected rate of return can be defined by a model which contains various factors
and proceeds to derive the expected rate of returns relation that follows from that assumption.



The investors aim to maximize returns, because of this they hold a number of securities so that
diversifiable risk becomes negligible.



Arbitrageurs will spend all potential opportunities for riskless profits and after that the market
will be in equilibrium in time.

Chamberlain and Rothschild (1982) searched the implications of arbitrage in a market with many
assets. Expected return and its covariance are related and there exists a linear relation between them if
arbitrage opportunity is absent.
The Arbitrage Pricing Theory was developed by Ross (1976) and extended and formulated by
Huberman (1982). The APT is a one-period model like the CAPM, it sets a linear relation between the
expected rate of return and its covariance with the factors. Chen and Ingersoll (1983) also wanted to
identify an economy which has a sufficient characteristic and shows a pricing equation. Connor (1984)
also studied on the APT proposed by Ross (1976) and tried to derive a new arbitrage pricing theory.
There are n factors which affect the expected rate of return in the APT as an assumption. However the
theory does not reveal these factors, there is no identification of factors and specification about the
number n. It just assumes that there n factors which are influencing the returns.
Chen, Roll and Ross (1986) were tried to identify the macro-economic factors which could affect the
expected rate of return. Chen et al. (1986) defined these factors as industrial production, inflation,
market indices, and risk premium.
Connor and Korajczyk (1988) studied on the APT to set forth factors influencing expected returns by
using asymptotic principal components technique. They also compared accuracy of the CAPM and the
APT. They found that the APT provided a better estimation than the CAPM after empirical techniques

18

which allow for fairly arbitrary time variation in risk premiums. However they concluded that some
assets were mispriced by using the APT.
Lehmann and Modest (1988) used tests that were based on time series analysis. Firms traded on NYSE
and AMEX were examined by using maximum-likelihood factor analysis to check the validity of the
APT. They concluded that expected rate of return on portfolios formed on the basis of dividend yield
could be explained however it could not be explained by the Capital Asset Pricing Theory with
standard proxies for the market portfolio.
Fama and Gibbons (1982) studied on the hypothesis of Mundell (1963) and Tobin (1965). The
hypothesis was the expected real return component of interest rates is negatively related to the
expected inflation component. They searched the relationship between inflation, real returns, and
capital investment.
Gan, Lee, Yong, and Zhang (2006) examined the relationship between the New Zealand Stock Index
and a set of seven macro-economic variables from January 1990 and January 2003 by using cointegration tests. They found that the New Zealand Stock Index is related with interest rate, money
supply, and real GDP.
The APT is one-period model in which macro-economic factors lead to a linear relation between
expected return and these factors. According to this theory investors believe that there are n factors that
affecting expected returns. Ross (1976) proposed this idea and Huberman (1982) formulated the
theory. Many researchers as mentioned above studied on this theory and tried to identify the factors
that affecting expected rate of return. However there is no information about the number of the factors
and specification of the factors in the heuristic and formulated theory. The relationships between
macro-economic factors and expected rate of return have been widely discussed by researchers. The
basis of the idea is to construct a model which states expected return as macro-economic factors.

1.1.4 Intertemporal Capital Asset Pricing Theory (ICAPM)
Many researchers like Roll (1977), (1985), Gibbons (1982), MacKinlay, (1987), Reinganum (1981),
Lakonishok and Shapiro (1986) studied empirically on the Capital Asset Pricing Model by Sharpe
(1964), Lintner (1965) and Mossin (1966). However they could not find a strong evidence to support
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the relation between stock betas and expected stock returns in their empirical studies. They found some
other factors such as book-to-market ratio and size of firms. The Arbitrage Pricing Theory by Ross
(1976) was introduced as an alternative to the Capital Asset Pricing Model. The CAPM has greater
number of assumptions when it is compared with the APT. Some of the assumptions do not exist in the
real world. As a result the CAPM became less attractive and more restrictive for empirical studies. In
the CAPM framework there is relation between beta and expected return but according to idea of the
APT there are n number of factors and there is a relation between expected returns and those n factors.
However the number of factors and specification of the factors that determine asset prices therefore
expected returns are not defined in the APT. Furthermore both APT and CAPM are one-period models.
The assumption of the multi-period participation in the markets is not included in these models. These
models assume that the amount of invested assets is fixed in a single period and at the end of this time
the investors consume all their wealth, and additionally the amount invested into assets cannot be
changed during the period. The theoretical gaps in the CAPM and APT provide a motivation for the
new researches to understand the asset pricing problem and predict future behavior of the asset prices.
Merton (1973) introduced intertemporal capital asset pricing model (ICAPM) to fill the gap of multiperiod aspect of financial market equilibrium. The assumptions of the ICAPM are listed below:

•
•
•
•
•
•
•
•
•
•
•

No transaction costs and taxes
No dividends are paid
All assets are infinitely divisible
All investors believe that their decisions do not influence the market price
All trades take place in equilibrium
Unrestricted borrowing and lending of all assets at the same conditions
Trading takes place continuously
Uncertainty cannot be eliminated by a continuous revision of the portfolio
The state variables follow a joint Markov process
The state variables change continuously
All assets have limited liability,( Krause 2001)

Merton (1973) concluded the CAPM works under very special additional assumptions in his article. He
found that there can be shifts in the set of available investment due to willing of investors to hedge
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themselves against the possible unfavorable shifts. To robust the CAPM he extended it and included
the multi-period model.

1.1.5 Fama-French Three Factor Model
The CAPM and CCAPM are trying to explain stock returns based on only one factor. The APT and
ICAPM are adding many factors that affecting stock returns but these factors are not stated. Empirical
works have shown that after testing CAPM, beta in CAPM can explain 70% of the return in the market.
Eugene Fama and Kenneth French tried to explain the rest of 30% unexplained stock return by
expanding capital asset pricing model. Fama and French expand CAPM by adding two more factors in
the formula of traditional CAPM. They (1992) concluded that when beta is the only explanatory
variable the relation between market and average return is flat. In the empirical works Fama and
French (1993) found that the two classes of stocks are better than the others. The value stocks have
provided much better return than growth stocks that is stocks which have high book to market ratio and
the small stocks have provided much better than large stocks in the market as a whole. After adding
these two factors in capital asset pricing model the new formula is as follow:

Ri=Rf+ β(Rm-Rf)+b s*SMB+bv*HML
Ri= expected return rate on risky asset i
β: the beta measure the sensitivity of stock return to the expected market return but this beta is not
same as beta in capital asset pricing model since in Fama-French 3 factor model there are two more
factors added into the formula.
Rf=risk-free interest rate
Rm= expected market return rate
SMB= small market capitalization minus big market capitalization
HML= high book to market ratio minus low
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bs and b v= the coefficients of SMB and HML respectively. These coefficients are determined by linear
regression after defining SMB and HML.
Time interval and frequency of evaluating stock return and market return are affecting the beta. When
beta is calculated according to monthly stocks the results are not same when stock returns annually are
taken into consideration. The way of estimating beta is very important to get an accurate model in
stock returns.
Beta is the only explanatory power in the CAPM and CCAPM. Beta is the only factor that affecting the
stock prices and return rates in these models. There are many factors in the models the APT and
ICAMP. Fama and French 3-factor model contains three factors which influence the behavior of the
return rates however beta is the factor that has the most explanatory power in this model. Estimation of
the parameter beta in models is very important to get accuracy in predicting the stock prices and return
rates. The chosen time interval causes getting a different beta, and since stock returns can be evaluated
daily, weekly, monthly, or annually the chosen frequency also affects the accuracy of beta. Some
empirical tests have shown that 3 years time interval and annually evaluated stock returns give better
results. Most CAPM tests and et al have focused on cross sectional aspects of data. However the recent
researches have shown that investigating the conditional relationship between beta and return gives
better estimations under the assumption of time series analysis since beta is not stable over time.

In the models introduced above one of the factors is stock market index. In the empirical studies the
stock return is taken as dependent variable and stock market index is independent variable. In the idea
of the predictability the movement of stock index the situation above will just be changed.

1.2 Time Series Forecasting Methods
A time series can be defined as a collection of numerical data points through repeated measurements
over time. The sequence of numbers collected at irregular intervals is not time series. The basic time
series analysis’ history goes back as far as Gauss in 1794 with the Least Squares Method
(Karapanagiotidis, 2012). Contemporary time series forecasting methods are focused on the idea that
past tells us something about future. Literature review consists of modern approaches on time series
analysis and forecasting methods.
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During 1940s Wiener had been studying on communication theory, control and communication in
biological settings. He made contributions in the field of linear prediction while doing in his research.
He worked on prediction and filtering. He tried to estimate future by using the past data and its
projection on the linear span. Wiener (1949) applied generalized harmonic analysis and solved the
problem optimal elimination of the noise by the help of filtering and independently Kolmogorov
(1941) presented same results but not in frequency domain in time domain. Their approach was
modern time series forecasting.

Time series contains noise and when it has a large amount of noise or many outliers it can be difficult
to analyze the series. There are some methods to reduce the noise and separate the signal from outliers.
Exponential smoothing is most general method used by forecaster. Simple exponential smoothing
(Brown, 1959) provides a simple but useful tool to reduce the impact of the noise.

Holt (1957) and his students and Winters (1960) used smoothing and later their approach would be
called Holt-Winters exponential smoothing. Holt’s approach is a bit different than simple exponential
smoothing. He extended simple exponential smoothing to linear exponential smoothing which allows
forecasting of data including trends.

Figure 7: Types of trend
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Winters (1960) extended it again to capture seasonal effect. The method called Holt-Winters’ method
is used for level, trend, and seasonality. Muth (1960) suggested that the exponential weighted average
can be interpreted as the expected value of a time series since it had been used successfully in various
applications. He used exponential weighted average as a statistical tool by demonstrating that it
provided the optimal forecasts for a random walk with noise.

Pegels (1969) suggested an alternative method for the series including a trend component and seasonal
component and he described multiplicative exponential smoothing. Pegels’ multiplicative exponential
smoothing model includes the local growth rate by smoothing successive ratios of the local level.
The equations can be written as:
=

+ (1 − )(

= ( /

(n) = Lt

)

) + (1 − )
where Lt is level, is the time series in the given period t, Rt is the growth rate, a is the

smoothing coefficient for level, b is the smoothing coefficient for growth rate, and Frt is smoothed
forecasted value for Yt.
Figure 8: Holt-Winter’s prediction
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Box and Jenkins (1970) put statistical framework into exponential smoothing. Box-Jenkins approach
can model trends and seasonal patterns, and the model also can be automated. Performance of BoxJenkins model gives better results than ‘classical’ exponential smoothing models for longer time
horizon. Empirical works show that for noisier and data with more volatile Box-Jenkins model gives
more appropriate results to forecast future. Abraham and Ledolter (1983) showed first order
autoregressive model as a special exponential smoothing forecasts which later (1986) arise as special
cases of ARIMA models. ARMA and Box-Jenkins ARIMA models’ standard procedures lie on the
advanced mathematical concept. Although exponential smoothing can be easily understood, it requires
complex mathematical models. Mckenzie (1984) offered an alternative formulation for exponential
smoothing to overcome complexity of mathematical models. He used the relationship between
‘classical’ exponential smoothing and Box-Jenkins model. He also tried to solve model selection in his
article which is a vital issue in forecasting. Abraham and Ledolter (1984) compared general
exponential smoothing and ARIMA model. He found that the performance of ARIMA model and
general exponential smoothing technique is same when providing zero starting values for initial
shocks.
Gardner (1985) developed principles for the application of the exponential smoothing technology. He
considered simple exponential approach that relied on the Holt-Winters exponential smoothing and he
also reviewed the general exponential smoothing. He tried to find some answer for the vital questions
about exponential smoothing modeling such as initialization, parameters, and model building. He also
found that range of parameters and initial values had been used in practice were arbitrary. As a
consequence accuracy decreases. The Holt-Winters approach to seasonal data over the general
exponential smoothing method is supported by empirical evidence in Gardner’s (1985) work. He also
concluded that Box-Jenkins ARIMA model is more efficient. Chatfield, Koehler, and Snyder (2001)
revised and compared various models that can be potentially used for exponential smoothing
forecasting methods. They also considered ARIMA model. They concluded that existence of many
models in exponential smoothing could improve the forecast accuracy and give more reliable estimates
of prediction error variances. Snyder and Shami (2001) introduced a method for exponential
smoothing. They generated time series by combining local trends and seasonal effects then they
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compared performance of the method and Holt-Winters approach for forecasting. After 1990s many
software programs were introduced for forecasting. The choice of algorithms could give different
values for the forecasted value. Xie, Hong, and Wohlin (1998) published a research about reliability of
software models for exponential smoothing technique. They compared the models which are based on
the parametric models and the models that have the ability of giving better estimations and the models
which are non parametric. They found that most of the models which focused on the fitting past data
did not give precise prediction. Characteristics of time series can be changed over time. Model for the
exponential smoothing should be adapted to these possible changes over time. Taylor (2004) showed
that adaptive exponential smoothing methods had tended to produce unstable forecasted values and
after empirical tests he concluded that adaptive exponential smoothing technique provided poor
forecasting performance. He offered a new adaptive exponential smoothing method and in this model it
enabled a smoothing parameter to be modeled. Exponential smoothing models are being used mostly in
finance and most of the time the financial time series are non-negative data. Akram, Hyndman, and
Ord considered the exponential smoothing methods to apply to non-negative data. They studied on
innovations under various assumptions by using the exponential smoothing state space models which
contain non-negative data. They showed that the estimation distributions from state space models that
are used commonly may have an infinite variance over some forecasting horizon. However they found
that multiplicative error models do not have infinite variance over the same forecasting horizon and it
would converge to zero. They offered a new model which had the similar properties with exponential
smoothing however their model did not have the infinite variance problem over a certain forecasting
horizon.

De Gooijer and Hyndman (2006) mentioned about Slutsky, Walker, Yaglom, and Yule as founders of
formulation of autoregressive and moving average models. Slutsky (1937) believed that the
phenomena in economic life occur in sequences of rising and falling movements. He thought that these
rising and falling movements were like waves. That is, these movements follow each other but do not
repeat each other perfectly like waves on a sea do. However he concluded that approximate
uniformities and regularities could be found in many cases of economical life.

There are many ways to estimate the parameters such as ordinary least square, Yule Walker equations.
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Table 1: ARIMA models
Model

Formulation

Explanation

AR(p)

Xt = a1Xt-1+ a2Xt-2+…+apXt-p +ϵt

a 1,a 2,…a p are the
parameters of the
model, ϵt is an error
term (white noise)

MA(q)

Xt = ϵt+b1 ϵt-1+…+bq ϵt-q

b 1, b2,…,b q are the
parameters of the
model, ϵt is an error
term (white noise)

ARMA

(1-∑

) =(1+ ∑

ARIMA

(1-∑

) (1-L)d = (1+∑

)

is the lag
opreator

) ϵt

d is the order of
integration

Different estimation of the parameters leads to get different forecasted values therefore it is related to
the accuracy of forecasting. Constructing algorithms for estimation of parameters helps to improve the
accuracy of forecasting that based on the autoregressive models. Tuan (1988) obtained an algorithm
not only for autoregressive models but for moving average forecasting model too. As it is known the
mixture of autoregressive model and moving average model is called autoregressive moving average
model ARMA (p,q) where p is the order of the autoregressive model and q is the order of moving
average model. Pankratz (1989) recognized that information like field reports and forecasts which were
come from other sources could be used in time series analysis. He tried to extend ARMA model
forecasts by combining it with this extra information. Peiris and Perera (1989) studied on time series
models and their predictors. They claimed that autoregressive integrated moving average model had
advantages when predictors were obtained by fractionally differenced. There are many methods for
estimating the parameters of ARMA model.

Box and Jenkins (1970) introduced autoregressive integrated moving average (ARIMA) method. BoxJenkins ARIMA model was based on the identification, estimation, and diagnostic checking.
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Figure 9: Comparison of data and moving average

Source: Dan Saunders, ARIMA models

After 1980s with progress in computer sciences Box-Jenkins ARIMA model became popular since the
model had a great impact as a theoretical and practical on contemporary time series analyzing and
forecasting and it was extended in many areas of finance as well as other areas of sciences.

Newbold (1983) collected the developments about time series forecasting methods which were based
on the ARIMA time series models. Auto regression analysis with moving average or with integrated
moving average aims to predict the future by using past data. Bischoff (1989) used a combining
forecast method that containing forecasts produced by Chase Econometrics and those produced using
the Box-Jenkins ARIMA model. He got best results by combining some forecast methods.

Econometric models which are used for forecasting suppose that time series has a constant one-period
forecast variance. However many financial time series which has large absolute returns are being
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followed by large absolute returns and the financial time series which has small absolute returns are
being followed by small absolute returns.

Figure 10: Box-Jenkins ARIMA model
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Source: Hung, 2005

This phenomenon is called volatility clustering. Engle (1982) introduced a new model for these kinds
of financial time series. The model is called autoregressive conditional heteroskedasticity (ARCH).
The ARCH model captures the tendency of financial variables in those kinds of financial time series
which move between high volatility and low volatility periods. The ARCH model became very popular
in very short time. The applications of the ARCH model were applied to various financial data series.
Bollerslev (1986) introduced generalized autoregressive conditional heteroskedasticity (GARCH). The
GARCH model was an extension of the ARCH model introduced by Engle and it was much more
flexible for lag structure. Many extensions of the GARCH models and their forecasting performance
have been explored. For instance Sabbatini and Linton (1998) used the GARCH model to forecast
Swiss Market Index. They showed that the GARCH (1,1) model provided a good parameterization for
the process of daily returns on the Swiss Market Index.
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1.3 Random Walk Hypothesis

Random walk is a stock market hypothesis that the past directions of the market or past data of stock
prices or all over stock market cannot be used for estimation of future movements of the market or
stocks’ prices. General idea of random walk hypothesis is that the stock market price changes are
random and unpredictable. The hypothesis of random walk goes back to 1900. The French
mathematician Louis Bachelier is known as a first person who gave the idea of random walk
hypothesis in his PhD thesis ‘The Hypothesis of Speculation’. In academic world the term was not
discussed whether the stock market follows a random walk or is based on predictable trends till 1973.
Burton Malkiel (1973) providing to the random walk hypothesis great popularity by his book ‘A
Random Walk Down Wall Street’. However Cootner (1964) pointed the idea of random walk in his
book named ‘The Random Character of Stock Prices’ and Eugene F. Fama (1965) published his article
‘Random Walk in Stock Market Prices’ which put forth the concept of random walk hypothesis that is
relevant to 21st century financial economics. Cootner (1964) collected financial security prices and
tested random walk by empirical studies. Financial analysts, economists, and statisticians have been
trying to develop a model that is able to predict stock market future movements. Random walk
hypothesis casts serious doubt on the procedures done by financial analysts, economists, and
statisticians. Fama (1965) says in his article ‘If the random walk theory is an accurate description of
reality, then the various “technical” or “chartist” procedures for predicting stock prices are
completely without value’ (p.75).
Studies and researches on random walk have been examined by concentrating on individuals markets
that is country basis or on regional markets that regional basis. Huang (1995) examined the random
walk hypothesis of the Asian stock markets including both developed and emerging markets. After
testing these markets by using variance ratio test he rejected the random walk hypothesis for the
markets Korea, Malaysia, Hong Kong, Singapore, and Thailand.
Abraham, Seyyed, and Alsakkran (2002) tested three emerging markets in Gulf region to figure out
existence or absence of random walk. After tests, they concluded that if the observed index levels were
taken as an input data random walk hypothesis were rejected for Gulf market. However if the corrected
true indices were taken as an input data for the tests they found that Saudi and Bahraini markets had
been following a random walk but Kuwaiti market failed to follow a random walk.
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Appiah-Kusi and Menyah (2003) did a regional basis study for testing random walk. They tested
predictability and efficiency of 11 African stock markets. They found that Nigeria, Egypt, Kenya, and
Zimbabwe are weak-form efficient markets. In other African markets weak-form of efficient market
hypothesis could not be observed.
Worthington and Higgs (2003) tested Latin American markets including Argentina, Brazil, Chile,
Colombia, Mexico, Peru and Venezuela to examine whether they are following random walk or not in
the article. They used Augmented Dickey-Fuller (ADF), Phillips-Perron (PP) and Kwiatkowski,
Phillips, Schmidt and Shin (KPSS) unit root tests and multiple variance ratio (MVR) tests. They found
that those countries in Latin American markets did not have random walk behavior.
Worthington and Higgs (2004) recorded daily returns for sixteen developed markets (Austria, Belgium,
Denmark, Finland, France, Germany, Greece, Ireland, Italy, Netherlands, Norway, Portugal, Spain,
Sweden, Switzerland and the United Kingdom) and four emerging markets (Czech Republic, Hungary,
Poland and Russia) in European equity market. Empirical tests proved that Hungary as an emerging
market, Germany, Ireland, Portugal, Sweden, and United Kingdom as developed markets were
showing characteristics of random walk hypothesis in the chosen period.

Some researchers tested random walk hypothesis empirically by taking data that are based on country
basis. Ayadi and Pyun (1994), Buguk and Brorsen (2003), Cheung and Coutts (2001), Hajek (2002),
Lee, Chen, and Rui (2001), and Poon (1996) tested random walk of the Korean securities market,
Istanbul stock exchange market, Hong Kong stock exchange market, Czech equity market, China’s
stock market, and UK stock returns respectively.
There are empirical results that prove the random walk hypothesis and there are some other empirical
results oppose the hypothesis. Random walk hypothesis claims that the prices in any market do not
influenced by past prices and these prices are not predictable by using the past data. According to the
hypothesis the prices do follow a random path, they just go randomly go up or go down. Therefore any
technical analysis or any fundamental analysis does not have any meaning and any validity if the
characteristic of the observed market satisfy the assumption of the random walk hypothesis.
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1.4 Combining Forecasting Method
Forecasting plays a vital role in economics and finance. Forecasting provides the future path of
planning process for organizations in an uncertain environment. There are many methods for this
purpose however to define the best method for forecasting is not an easy task. Instead of identifying a
single best forecasting method, analysts, statistician, and mathematician have been working on
alternative approach which is combining the results from different forecasting methods with different
specified rules and creating a combining forecasting method.
History of combining results to reduce the error goes to 1818. Laplace claimed that reduction of error
could be possible by combining of two results which were from two different methods. In finance
Bates’ and Granger’s (1969) work is accepted as the earliest paper that has the idea of combining
forecasting methods. They tried to develop a model with combining forecasts. Armstrong (2001)
explains the idea of combining and why it has becoming necessary in the field economics and finance
as follow:
“Assume that you want to determine whether Mr. Smith murdered Mr. Jones, but you have a limited
budget. Would it be better to devote the complete budget to doing one task well, for example, doing a
thorough DNA test? Or should you spread the money over many small tasks such as finding the murder
weapon, doing ballistic tests, checking alibis, looking for witnesses, and examining potential motives?
The standard practice in matters of life and death is to combine evidence from various approaches.
Although it is not a matter of life and death, combining plays a vital role in forecasting.” (p.417).

Clemen (1989) examined more than 2000 pages of journal and 11 books, monographs, and theses
about combining forecasting methods and he listed all of these in the bibliography in his article named
“Combining Forecasts: A review and annotated bibliography”. It can be seen that there was a rapid
increase in the number of articles about combining methods during the period of 1980 and 1989.
In recent years there is also an explosion in the number of articles. The author searched the article
about combining forecasts which are published in recent time. In addition the important articles which
can be called as cornerstones are also included in the bibliography in this thesis.
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Figure 11: Number of articles about combining forecasting method and examined by Clemen during
1960 and 1989.

Source: Clemen (1989).

Wong, Song, Witt, and Wu (2007) searched combining forecasting methods which applied to the
tourism forecasts. Wong and et al. aimed to find whether or not combining forecasts makes sense to
improve forecast accuracy. More detail and comprehensive examination was done in their study. First
of all they used four modeling techniques which were seasonal ARIMA as time series method, ADLM
(autoregressive distributed lag model), ECM (error correction model), and VAR (vector autoregressive
model) as econometric models to construct a separate forecast model to forecast tourist flows to Hong
Kong. In this study the ex post forecast methods were used. Three combination methods which named
simple, variance-covariance, and discounted combination method were used in their study. Simple
combination means taking simply average of different results of forecasting methods in this research.
In combining forecasts it is also possible to give some weights to the results. The weights assigned to
the different results of forecasting methods are important in the combination. Wong and et al. assigned
equal weights to the forecast results. Weights can be calculated by taking the historical performance of
the individual forecasts into consideration which is called the variance-covariance method. In the
discounted combination method the covariance among the single model forecasts are ignored to reduce
the potential instability. The authors created 15 different forecast combinations by using ARIMA,
ADLM, ECM, and VAR methods. Four models are single models, six of them are combination of two
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models, one of them is combination of all four models, and the rest four models are combination of
three models.
These results indicate that combining forecast by taking equally weighted average of other forecast
methods gives better results for China and USA. Combining by using variance-covariance method
gives better results for China, USA, Macau, and Australia. Discounted forecasting method outperforms
well for China, USA, Macau, and UK.
Wong and et al. works show that combining forecast performance differ in countries or regions. It can
be also said that the way of combining forecast is directly related to accuracy of estimation on the
demand for Hong Kong tourism by residents from ten major countries/ regions that were ranked top ten
in the period 2001-2004 according to ‘Visitor Arrival Statistics’ published by the Hong Kong Tourism
Board.
The work done by Clemen (1989) is one of the detailed literature surveys of combining forecast
method. Clemen expressed that many theoretical and empirical issues about combining forecasting
method have been examined and solved however there are still unclear points that must be explained.
Robustness of the combining method that is formed by taking simple average of other results that
gathering by single forecasting methods is one of those unclear points. It can be observed in the
previous studies that combining by simple average outperforms well in many models. However under
what conditions this method work does better is an unanswered question. Clemen concluded that
combining forecasting method is practical, economical, and useful. Theoretical part of the concept has
been developed and proven by empirical tests. According to Clemen (1989) the methodology of the
combining forecasting method does not need to be justified, the next step should be finding the ways to
make implementation of the combining forecasting method easy and efficient.
Armstrong (1989) says “As noted by Clemen, past research has produced two primary conclusions,
one expected and one surprising. The expected conclusion is that combined forecasts reduce error (in
comparison with the average error of the component forecasts). The unexpected conclusion is that the
simple average performs as well as more sophisticated statistical approaches.” (p.1). According to
Armstrong, Clemen’s work summarized the combining forecasting method very well but it gave little
guidelines for future researchers. Armstrong offered meta-analysis, realistic simulations, and rulebased forecasting in his article as suggestions to be considered. He also recommended the researcher to
combine dissimilar forecasting methods since they gave better than similar methods combination.
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Zon and Yong (2002) pointed the model selection as a reason for instability and high volatility in the
final estimation that calculated by the specified forecasting model. Zon and Yong suggested combining
method to reduce the error and increase the performance of the accuracy. For this purpose they offered
an algorithm for the weights. According to Zon and Yong in the case instability and uncertainty which
occur in many cases the best model is combining forecasting since it reduces the error. They showed
the advantages of the combining forecasting method by empirical tests. They also concluded that if
there is significant uncertainty in the specified case then the combining forecasting method outperform
better. Finally they added that the model selection could be a measurement for the instability and
uncertainty, and it can provide information for assessing forecast.
Taking simple average is the most common method to combine different forecasting models. However
many other ways were introduced and it has been still developed new models. Some researchers like
Prudencio and Ludermir (2004) are trying very original and sophisticated ways to combine single
forecasting models. Prudencio and Ludermir (2004) introduced machine learning techniques to
combine time series forecasting. They defined the combining forecasting method which modeled by
using machine learning as a best forecasting method.
Predictability of exchange rates is one of the important topics in finance. There are many theoretical
and empirical studies on this area of finance but there are still debates about predictability of exchange
rates and if it is predictable then what is the best forecasting method.
Altavilla and De Grauwe (2010) examined the performance of the out-of-sample forecasting models
for the prediction of the exchange rates. They compared also performance of linear and nonlinear
forecasting models. They found that linear forecasting models outperformed better in the short forecast
horizons. In the short forecast horizons volatility is small and there is low uncertainty so in these cases
the linear forecasting models outperform better than nonlinear forecasting models. However in the long
forecast horizons the nonlinear forecasting models produce more accurate estimation when they are
compared with linear ones. They also concluded that combining different forecasting methods
produced more accurate forecasts than be attained from a single model.
“Much research shows that combining forecasts improves accuracy relative to individual forecasts.”
says Kuan-Yu Chen (2011, p.1). He combined the linear and nonlinear statistical models for
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forecasting time series. Taiwanese outbound tourism demand was examined in the work done by Chen.
He compared the performance of the three single models and six composite forecasting models. Naïve
method, exponential smoothing, ARIMA model, back-propagation neural network, and support vector
regression were used in the work as single forecasting methods. In the empirical tests he used
normalized mean square error (NMSE) and mean absolute error (MAPE). Six combined models were
proposed by the researcher and he called them as Naïve-BPNN, ES-BPNN, ARIMA-BPNN, NaïveSVR, ES-SVR, and ARIMA-SVR where BPNN is back-propagation neural network, ES is exponential
smoothing, ARIMA is autoregressive integrated moving average, SVR is support vector regression.
After empirical tests, he published the results in his article table by table. He showed that the MAPE
and NMSE were all the lowest for the combination models. He also observed that combination of
individual forecasting methods was better in turning points forecasts of tourism demand that was target
in the study. The best individual model for forecasting could not be identified in the work clearly and
the researcher expressed that there was no way of learning whether the best or the true model is a linear
model or nonlinear model. Finally he concluded that the proposed combination models in the study
always improve the performance of the forecasting accuracy.

Cuzan, Armstrong, and Jones (2004) say “Combinations of forecasts can reduce error in several ways.
On one hand, a combined forecast would likely be more accurate than its typical component because
biases associated with the data and methods used in various forecasts are likely to differ, particularly
if predictions from alternative forecasting methods are being combined. Different methods are likely to
have different biases, meaning that their forecast errors would probably be uncorrelated and perhaps
offsetting. In addition, combined forecasts are necessarily derived from more information than any one
component forecast. More information provides a more complete picture of influences affecting the
future. In probability terms, because the “sample” of information underlying a combined forecast is
larger than that of a single forecast, it is probable that information used in generating the combined
forecast is more accurate than that coming from any single source.” (p.2). Cuzan and et al. used
combining forecasting method to predict the 2004 presidential election in USA. The data that consist of
268 polls, 10 quantitative models, and 246 days of Bush-Kerry futures contracts quotes in the Iowa
Electronic Markets were collected. Results of three surveys that were administrated to a panel of 17
American politics experts were also added into data as representative of Delphi technique. Cuzan,
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Armstrong, and Jones (2004) calculated the average of the results of polls, the results of quantitative
methods, the result of the Iowa Electronic Markets, and the result of experts’ panel by assigning equal
weights to each component. They found that combining forecasting method reduced forecast errors by
about 12% when compared with the single forecasting method so they expressed that the combine
forecast method was giving more accurate results than the best or true individual method. They
recommend the researchers:

1. Use different methods or different data sets or both
2. Include up to five methods when possible
3. Combine forecasts mechanically, according to a predetermined procedure
4. Apply equal weights to the various components that comprise the forecast, unless there is strong
prior evidence of relative accuracy of the component. (p.3).
In the traditional methods for combining the forecasted values from the individual forecasting models
various weighting schemes are being used such as the simple average or methods that find the best
weights in terms of minimizing the forecast error. Alternative methodologies for combining forecasts
are being proposed. Fiordaliso (1997) proposed fuzzy approach in combining forecasts. Combining
ARIMA and diffusion models were introduced by Christodoulos, Michalakelis, and Varoutas (2009).
Armstrong (2001) asserted that combining forecast improves forecast accuracy and he says that “To
improve forecasting accuracy, combine forecasts derived from methods that differ substantially and
draw from different sources of information. When feasible, use five or more methods. Use formal
procedures to combine forecasts: An equal-weights rule offers a reasonable starting point, and a
trimmed mean is desirable if you combine forecasts resulting from five or more methods. Use different
weights if you have good domain knowledge or information on which method should be most accurate.
Combining forecasts is especially useful when you are uncertain about the situation, uncertain about
which method is most accurate, and when you want to avoid large errors. Compared with errors of the
typical individual forecast, combining reduces errors.” (p.417). He collected data that included
comparisons to alternative forecasting procedures and to combining forecasting method that assigned
equal weight forecasting which means combining forecasting by taking simple average of individual
forecasting methods. He tried to estimate gain of combining forecasting. Ex ante forecasts that reported
comparisons of combined forecasts and the average accuracy of their components were included in his
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study then he published the following table in his article. Armstrong suggested that combining
forecasting method gives better accuracy when it contains different methods/data, when it contains at
least five individual forecasting methods, and equal weights in the case of high uncertainty. He also
recommended combining forecasting as n useful method when facing high uncertainty and high cost
for large forecast errors.

Robustness of taking simple average of components of combined forecasting method is shown by
many studies. In the other case researchers offer to assign some different weights to components to get
better forecast accuracy. Akaike Information Criterion is being used by many commercial forecasting
packages. It measures how well a model fits past data and it also penalizes the model by taking into
consideration whether assigned model is simple or complex by counting the number of parameters in
the forecasting model. Goodwin (2009) offered another approach instead of simple average. Taking
simple average provides some advantages because it is simple, easy to interpret and cheap to apply.
However when the individual forecasting method as a component of combined forecasting method
shows some outlier forecasts it becomes less accurate. According to Goodwin (2009) Winsorized mean
which involves the calculation mean after replacing the most extreme values (highest and lowest) with
previous values that comes before these most extreme values in the specified series. Goodwin (2009)
finally said that in his article “Victor Jose and Robert Winkler (Jose & Winkler, 2008) recently
investigated whether trimmed means lead to more accurate combined forecasts. They explored the
effects of applying different degrees of trimming (e.g., removing the two highest and two lowest
forecasts from the set before averaging, or the three highest and three lowest, and so on). In addition,
they evaluated whether an alternative form of averaging, the Winsorized mean, was more effective.”
(p.34).

Combining average cannot be defined just as average value of individual forecasting methods. Taking
simple average of individual forecasting methods or taking average of assigned weights of individual
forecasting methods is a very common and powerful way of combining forecasting method. In this
field of combining method, all individual forecasting methods are based on quantitative or qualitative
methods. Asset pricing models, regression analysis, and time series analysis are all quantitative based
forecasting methods. Some researchers claim that the financial forecasting cannot be done fully just by
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the past values but at the same time these researchers are aware of the fact that past values are
benchmark for the financial predictions. The financial experts can use the judgmental methods to
modify the forecasting model to give a final prediction (Franses, 2008). Combining forecasting
methods may include also quantitative and qualitative methods. Actually the experts use quantitative
methods as benchmark for their predictions and then according to their knowledge and experiences
they modify the forecasting model then they adjust the model by judgmental methods and give a final
adjusted prediction. Supporters of judgmental forecasting express that since the economical conditions
are frequently changing, judgmental forecasting method is needed to obtain properly specified models.
However the empirical studies have showed that no single forecasting model can claim forecasting
superiority in all situations (G.Landram, V.Landram, Mendez, and Shah). There is a huge literature of
financial forecasting and most financial forecasting techniques are based on structured data. However
for example there are numerous factors that affecting stock index. To state the relationship between
stock index and the variable that affecting the stock index is most of the time very hard and
complicated. The accuracy of forecasting that based on the structured data is limited.
Tang, Yang, and Zhou (2009) introduced combining news mining and time series analysis for
forecasting Chinese stock prices. They proposed an algorithm to combine text mining techniques and
time series analysis together to perform a prediction for Chinese stock prices. In this technique news
and reports automatically were downloaded, categorized, and analyzed. Final forecasting was done
according to combination of the results of news mining and time series analysis. They concluded that
news and reports could provide additional information and it could be made estimation by combining
news and time series analysis. Their empirical results showed that by using combination of the
individual forecasting methods could give better accuracy.
Clemen (1989) concluded in his famous article that “Combining forecasts has been shown to be
practical, economical, and useful. Underlying theory has been developed, and many empirical tests
have demonstrated the value of composite forecasting. We no longer need to justify this methodology.
We do need to find ways to make the implementation of the technique easy and efficient.” (p.567).
Clemen attached 209 articles in his study as annotated bibliography. There are many researchers in
Clemen’s work like Agnew (1985), Anandalingam and Chen (1989), Armstrong (1984), Armstrong
(1985), Ashton and Ashton (1985), Bessler and Brandt (1981), Bessler and Chamberlain (1987), Bopp
(1985), Brandt and Bessler (1981), Bunn and Kappo (1982), Clemen and Winkler (1986), Figlewski
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and Urich (1983), Fritz, Brandon, and Xander (1981), Gunter and Aksu (1989), Gupta and Wilton
(1988), Holden and Peel (1986a), Holden and Pell (1989b), Lawrence, Edmudson, and O’Connor
(1985), Makridakis, Andersen, Carbone, Fildes, Hibon, Lewandowski, Newton, Parzen, and Winkler
(1982) empirically found that combine forecasting gave better accuracy. However there are few
researchers who are against the idea which expresses that combining forecasting gives better accuracy.
Bischoff (1989) wrote an article “The Combination of Macroeconomic Forecasts”. He compared the
performance of combined forecast and individual forecast-ARIMA-. He concluded that the individual
forecasting method gave less error so it was better than combine forecast in terms of forecast accuracy.
Bohara, McNown, and Batts (1987) reached some results that combined forecast was not always giving
better forecast accuracy. They found that combined forecast could give worse result than individual
forecasting methods. Taking simple average of individual forecasting methods in the technique of
combining forecasting assume that there is no best single method for forecasting and possible negative
correlation among the individual forecasting methods can result a better forecast accuracy. Assigning
weights to the components of combination assumes that there can be a case that components could be
given nominal values. In assigning weights technique may be included many different ways to choose
the optimal assigned value. After assigning value combination model runs and then evaluated its
forecast performance. Greene, Howrey, and Hymans (1985) showed that the optimal assigned value in
a combined forecasting method was not constant. This value could change over time. Hibon and
Evgenio’s (2005) work can be regarded as one of the most recent important research that oppose the
idea of combining forecast produces a better forecast accuracy. Hibon and Evgenio focused on the two
questions:
Combination of individual forecasting methods produces a better forecast accuracy or not. Is it possible
to know that when combination of individual forecasting methods is ideal and when a single
forecasting method is ideal? To figure out the answers of these questions they set up the following four
hypotheses in their article.

H1. The best among all combinations of methods is no more accurate than the best individual method
on average across series, when the same combination (individual method) is used for all series.
H2. The best among all combinations of methods is no more accurate than the best individual method
on average across series, when a different combination (individual method) is used for each series.
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H3. The predictive performance of the selected combination is no better than that of the selected
individual method.
H4. The risk, measured as the difference in post sample performance between the selected and the best
possible, for selecting among individual methods is no higher than the risk for selecting among
combinations. (p.16).

They used the 3003 series of the M3-competition so that they challenged the common belief about
combined forecasting technique. After the experiments they stated that if in the combination similar
methods or similar series were used then there would not be any significant difference between the
individual forecasting methods and combined forecasting one. So there was no meaning to use a
combination in this case. If in the combination different methods or different series were used the best
possible combination produced the similar forecast performance with the best individual forecasting.
They stated the difference between the individual forecasting method and combined forecasting
method in aspect of risk. They expressed that choosing an individual forecasting method is more risky
than choosing a combination of individual forecasting methods. They offered the combined forecasting
method for less risk not for more forecast accuracy. They finally concluded that combination of
individual forecasting may not always be a best way for forecasting.

1.5 Forecasting Studies on Istanbul Stock Exchange

Forecasting studies on Istanbul Stock Exchange can be categorized as estimating volatility, estimating
expected returns and risks of common stocks, forecasting stock index, and forecasting stocks prices.
Some forecasting methods which were used in the studies about forecasting Istanbul Stock Exchange
National 30 or 100 indexes are listed below:







Artificial Neural Network
Multiple Regressions
Nonlinear Regression
Winter’s Method
Exponential Smoothing
Historical Mean
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Random Walk
ARIMA models
ARCH, GARCH, EGARCH, APARCH, GJR-GARCH
Mixture of Experts

Although there is a huge literature about forecasting stocks and stock indices which belong to the
developed countries, there are a limited number of studies about forecasting stocks that traded in
Istanbul Stock Exchange and Istanbul Stock Exchange index.
Smith and Ryoo (2003) tested five European emerging markets, Greece, Hungary, Poland, Portugal,
and Turkey by using the multiple variance ratio test. After the empirical results, it was shown that
random walk hypothesis for Greece, Hungary, Poland, and Portugal was rejected but for Turkey not
rejected. Smith and Ryoo (2003) used the Istanbul Stock Exchange National-100 index between the
dates April 1991 and August 1998 for Turkey. Multiple variance ratio test that done by Smith and
Ryoo showed that Istanbul Stock Exchange National-100 (XU100) index followed a random path
during April 1991 and August 1998. They explained this randomness by means of liquidity. When
Istanbul Stock market was compared with the other four countries, it had much more greater liquidity.
If it is the case then the future movements of XU100 index cannot be predicted by any forecasting
model since it just follows some random values. Therefore Naïve method is the most suitable method if
Istanbul Stock Exchange National-100 index really follows a random path.
Balaban (1995) performed random walk test of Istanbul Stock Exchange for the period January 1988
and August 1994. He showed empirically that the final result of the test differed across periods.
Cevik and Yalcin (2003) investigated the weak efficiency of the Istanbul Stock Exchange National 100
index. They used the weekly data between the period of 1982 and 2002. Random walk hypothesis was
performed by using Kalman Filter method. Their results differed across time.
Tas and Dursunoglu (2005) tested Istanbul Stock Exchange for random walk hypothesis. They used
Istanbul Stock Exchange National-30 index between January 1995 and January 2004. Dickey-Fuller
unit root test and runs tests were used in the study. They concluded that both tests rejected the random
walk hypothesis for Istanbul National-30 index.
Yavuz and Kiran (2010) tried to figure out randomness of Istanbul Stock Exchange National-100 index
by using weekly observations during the period between January 1999 and January 2009. They used an
unrestricted two-regime threshold autoregressive model with an autoregressive unit root based on
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bootstrap methods as methodology of the study. Their results rejected the random walk hypothesis for
XU100 index.
Tursoy, Gunsel, and Rjoub (2008) examined the Arbitrage Pricing Theory in Istanbul Stock Exchange
Market empirically during the period of February 2001 and September 2005. They tested effects of
some macroeconomic variables like money supply, industrial production, crude oil price, consumer
price index, import, export, gold price, exchange rate, interest rate, gross domestic product, foreign
reserve, unemployment rate and market pressure index which was built by the authors of the study.
Tursoy and et al. concluded that the results of the empirical tests showed that there was no significant
pricing relation between the stock return and the tested macroeconomic variables. Therefore the
Arbitrage Pricing Theory failed to explain effects of various macroeconomic variables in Istanbul
Stock Exchange Market.

Haznedaroglu and Tas (2010) searched the effects macroeconomic variables such as national gross
product, industrial production index, and etc and the financial data like interest rate and exchange rates
on the predictability of Istanbul Stock Exchange National 100 index. They stated the fact that there are
too many variables-including meteorological and astronomical variables- that affecting financial
forecasting models. According to Haznedaroglu and Tas it would be better instead of searching
relationship between those variables and index, searching usability of the variables in the forecasting
models. They also checked the usability of artificial neural network technique as an application of
XU100 index forecasting.

Recent articles about forecasting Istanbul Stock Exchange National 100 index contain much more
complex methods. Ok, Atak, and Akcayol (2011) used the Adaptive Neuron Fuzzy Inference System
(ANFIS) to forecast XU100 index. Data was taken for the period April 2006 and December 2010. Two
different models were used, one of them contained two input variables which were the exchange rates
and the purchasing interest rate and the other model contained three different input variables which
were the exchange rates, the purchasing interest rate, and trading volume. The empirical results if the
study showed that XU100 index can be forecasted by using two inputs and without using the ANFIS
which is very complex method.
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Another complex method is seen in the article written by Aygoren, Saritas, and Morali (2012).
Aygoren and et al. used Newton method for numerical search models and back-propagation algorithm
for artificial neural networks to forecast XU100 index. They compared the performance of this model
and traditional time series analysis. It was seen that traditional time series forecasting methods had less
forecasting accuracy.
Yumlu, Gurgen, and Okay (2004) studied using daily data over a 14-year period that including January
1989 and September 2003. Mixture of expert, GJR model and Recurrent Neural Network were used to
estimate the volatility of Istanbul Stock Exchange National 100 index. Localized and global Artificial
Neural Network models’ performance of risk estimation of asset returns was tested. Performance of
Artificial Neural Network model was seen that its performance depended on the quality and relevance
of the data. In the empirical test, 3650 daily observations were taken as data. Yumlu and et al. tried to
catch best generalization data set that categorized into three parts. Mean Square Error was used for
performance test of Mixture of expert, GJR model and Recurrent Neural Network and the following
results were observed.
They concluded that size of the observations gave different performance results. When small sized data
was taken it was seen that RNN and GJR produced better forecast accuracy during the period January
2000 and September 2003. In short term Mixture of Experts model was observed as a more powerful
forecasting method.
The author of the thesis could not find an article that includes a comparison of the forecast
performance between combined forecasting methods and individual forecasting methods for the case
Istanbul Stock Exchange National 100 Index. In the research part of this study combined forecasting
method that applied to Istanbul Stock Exchange National 100 index (XU100) could not observed.
However there are studies that examined the forecast performance of methods that applied to XU100
index.
Asarkaya (2010) used eight different models; random walk, historical mean, exponential smoothing,
ARCH(1,1), GARCH(1,1), EGARCH(1,1), APARCH(1,1) and GJR-GARCH(1,1) to forecast weekly
volatility of Istanbul Stock Exchange 100 Index between 2002 and 2008.
He stated that the forecast performance of the Exponential Smoothing model was the best among the
chosen forecasting methods in the study when the loss function was used to measure the accuracy of
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the models, and Historical Mean model provided the worst forecast accuracy under the same condition.
It was also reported that Exponential GARCH model outperformed among the ARCH-type models and
ARCH-type models produced the better forecast accuracy when they were compared with non ARCHtype models.

Kucukkkocaoglu (2003) studied the price behavior of stocks that traded in Istanbul Stock Exchange
market. The intra-daily stock returns, volatility, and close-end stock manipulation in Istanbul Stock
Exchange market were examined. The test for the closing price manipulation by traders was done by
using a multiple regression model. Results showed that close-end price manipulation by means of
entrance of big buyers and big sellers was possible in Istanbul Stock Exchange market.

Aybar and Yavan (1998) aimed to estimate the volatility in Istanbul Stock Exchange market. They
used the ARCH-type models to estimate the volatility. They found that lagged shocks and lagged
variance that contained information about the existing volatility during the specific time affected the
stock returns that traded in Istanbul Stock Exchange market.
Berument, Denaux, and Yalcin (2011) investigated the effects of US stock markets on Istanbul Stock
Exchange market. The co-movements among the US stock markets and Istanbul Stock Exchange
market was explored in this study. They stated that the Istanbul Stock Exchange market closely
followed the movements of the US stock markets in the period that chosen for the study.

Berument and et al. empirically showed that US stock indices like DJIA, NYSE, S&P500, AMEX,
NASDAQ, and Russell 2000 had been affected the Turkish stock indices like Istanbul Stock Exchange
National 100 and 30 indices during the period of July 2000 and March 2010.
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CHAPTER TWO METHODOLOGY

2.1 Data and Sample Size
Sample size is 6-years daily data for ISE100 index values between the period of January 2006 and
October 2012 in this study. Data is taken from tr.investing.com which is founded in 2007 and is
definitive source for tools and information relating to the financial markets.
The sample size adjustment formula for time series analysis is (Mitchell and et all., 1966):
(

)

(

)

S̅=S

where S̅ is the adjusted sample size, S is the sample size, and

is the first-order

autocorrelation coefficient.
2.2 Unit Root, Variance Ratio, and Causality Tests

In the time series forecasting testing a time series whether it is stationary series or non stationary time
series is very important. Graphical demonstration gives idea about stationary series however graphical
demonstration is not a precise way.

Figure 12: (a) Stationary series (b) Non stationary series
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Augmented Dickey-Fuller (ADF) test is based on the three forms of autoregressive equations to search
the existence of a unit root. For a given time series Y1, Y2,…,Yn , there are three regression forms:
(i)

Δ =α

+

Hypothesis:
H0: Yt is a random walk process or α=0
H1: Yt is a stationary series or α<0
Consider an AR (1) model Yt=β Yt-1+et if β=1 then this time series becomes a pure random walk of the
form Yt=Yt-1+et.
Yt=β Yt-1+et equals the form of ΔYt= (β-1)Yt-1+ et. If θ is used for the term (β-1), then ΔYt= θYt-1+ et.
So when β=1 or θ=0, the series becomes a pure random walk process. The idea is same in the other
forms of autoregressive models and hypothesis.
(ii)

Δ

= a+ α

+

, a≠0

Hypothesis:
H0: Yt is a random walk process with drift or α=0
H1: Yt is a level stationary series or α<0
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(iii)

Δ = a+ α

+

+

, b≠0

Hypothesis:
H0: Yt is a random walk process with trend or α=0
H1: Yt is a trend stationary series or α<0

ADF test is not a powerful test to figure out the difference between α=0 or α is very close to zero. It is
necessary to use another test to distinguish the existence of a pure unit root or a near unit root process.
The variance ratio test is a method used to test the random walk hypothesis and so stationary of a
series. The variance ratio test is based on the fact that the variance for an independent identically
distributed series increases linearly in each interval, this fact can be shown mathematically as follow:
The variance ratio in p period: VR(p)=

Therefore VR(p)=

(

⋯
(

)

(

⋯
(

)/

)

)

=p

=1

In this work Eviews (EViews is a statistical package for Windows, used mainly for time-series oriented
econometric analysis and it is developed by Quantitative Micro Software.) is used to perform the
variance ratio test.
The classical linear regression model does not indicate the direction of the relationship between
independent and dependent variables that used in the model. It tries to define the correlation between
variables. In the case of the existence of Granger causality, if the series X Granger causes the series Y
then the past values of X should contain information that helps to forecast the series Y. in other words
if the past values of the series of X help determining the current values of the series Y then X Granger
causes Y. After showing the existence of Granger causality the following regression model can be used
for forecasting.

Yt = α+

+

+ ⋯+

+

+
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+ ⋯+

+ .

2.3 Simple and Multiple Regression Analyses
Building a model is not an easy task in economics and finance. Model should meet specified criteria
which are established after lots of work. Variables which must be included and variables which must
not be included in the model are chosen by decision-making. Regression analysis can provide
guidelines on planning and decision-making. Simple regression analysis contains the two-variable
linear model and it is used to examine the linear relation between the variables. The regression analysis
shows the direction of causality between the variables. It helps us to decide which variable is affecting
or causing the other one.
In simple regression, the relationship between a dependent variable which is usually denoted by Y and
an independent variable and explanatory variable which is shown by X is analyzed. Plotting the set of
(X, Y) values on a scatter diagram provides information for the existence or nonexistence of linear
relationship between the dependent and independent variable.
The exact linear relationship between X and Y (Yt=

+

Xt) cannot be established since the points

are unlikely to fall on the line so error terms must be added. So the population regression equation is
formulized as follow:

Yt=

+

Xt+ ut where ut is called a disturbance, error, or stochastic term.

^
directly observable, therefore they have to be estimated. α0
respectively. This gives the following equation:

+ α^1 Xt where

Y̅t= α^0

α^0 =Y̅- α^1 X̅ where Y̅= ∑
α^ 1

=

∑
(∑

∑

and X̅= ∑

∑
)

∑
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and

^

and α 1

and

are estimators of

cannot be
and

Regression model has some assumptions. Violations these assumptions cause some problems such as
nonlinearities, wrong regresses, biased intercepts, heteroskedasticity, and serial correlation. One of the
basic assumptions of regression analysis states that Xt is a variable whose values are not determined by
some stochastic process. It means that Xt does not consist of values that are produced by chance. In
other words it does not follow a random path. Another basic assumption of the regression analysis is
that the error terms have the same variance that is Var(ut) is constant which is called homoskedasticity.
The error terms during the period m and the error terms during the period n should not be correlated
that is Cov(um, un)=0. However this condition is mostly violated in finance, since if there are some
disturbing effects at some period, then it usually remains over the other periods.
Multiple regression models consist of one dependent variable Y and two or more independent variables
X and can be expressed as follow:

Yt=

+

X1t+

X2t +ut

They test the hypothesis about relationship between the dependent variable and independent variables.
Table 2 is formed by author and shows multiple regression analysis of ISE100 as a dependent variable
and gold prices and USD/TL as independent variables
Table 2: Multiple regression analysis of ISE100 as a dependent variable and gold prices and USD/TL
as independent variables
Dependent Variable: LNISE100
Method: Least Squares
Variable

Coefficient

Std. Error

t-Statistic

Prob.

C
LNGOLD
LNUSD_TL

13.37834
-0.452490
1.472336

1.356365
0.185221
0.586456

9.863374
-2.442971
2.510563

0.0000
0.0192
0.0163

R-squared
Adjusted R-squared
S.E. of regression
Sum squared resid
Log likelihood
F-statistic
Prob(F-statistic)

0.268808
0.231311
0.038685
0.058365
78.55738
7.168772
0.002232

Mean dependent var
S.D. dependent var
Akaike info criterion
Schwarz criterion
Hannan-Quinn criter.
Durbin-Watson stat

50

10.79536
0.044123
-3.597971
-3.473851
-3.552476
0.414864

Figure 13: Graphical representation of the regression model above.
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2.4 Simple Moving Average

A simple moving average is defined as:

Y^= (yt-n+yt-n-1+…+yt-1)/n where yt is the value of the series at time t and n is a positive integer.
So if n is chosen as 5 then we get
^ = (y +y +y + y +y )/5 and
Y
1
1
2
3 y 4
5
^
Y 2 = (y2+y3+y4 +y5 +y6)/5 and so on.
A Simple Moving Average for an interval of n time periods centered on time t is

^ =1/n (y
Y
t-(n-1)/2 +…+yt-1+yt+yt=1+…+yt+(n-1)/2 ), where yt is the value of the series at time t and n
is an odd number.
For example, for n=5 the new series is
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^ =Not Applicable (NA)
Y
1
^ =NA
Y
2
^ = (y +y +y +y +y )/5
Y
3
1
2
3
4
5
^ = (y +y +y +y +y )/5 and so on.
Y
4
2
3
4
5
6
Figure 14: Comparison of the average of the previous 10, 25, and 50 values of the series of Istanbul
Stock Exchange National 100 (ISE 100) index during the period between 3rd January 2006 and 9 th
September 2012
56,000
52,000
48,000
44,000
40,000
36,000
32,000
28,000
24,000
20,000
500

525

550

575

600

625

CLOSE
CLOSEMOVAV25

650

675

700

725

750

CLOSEMOVAV10
CLOSEMOVAV50

The series of Istanbul Stock Exchange National 100 index during the period between 3rd January 2006
and 9 th September 2012 are observed and recorded by author and this series is used in the figure
14&15. The average of previous 10, 25, and 50 values are calculated and compared with the original
series.
It can be seen that the longer-moving averages smoothes the randomness of the series more however
the shorter moving-averages produces the better forecast accuracy since the shorter ones are closer to
the actual data when comparing with others.
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Equal weights are assigned in the assumption of simple moving average or centered moving average.
However different weights also can be assigned for the yt series. The aim of giving different weights is
the belief that most recent data influences much more than past old data. Weighted average is simply
multiplying factors by assigned weights.
Generating double moving average is another method to remove the outliers and to decrease the level
of randomness.

Figure 15: Simple Moving Average and double moving average
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Simple Moving Average technique produces smoother series to be observed and analyzed but at the
same time it produces less accurate forecasting when lag is increased.
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2.5 Exponential Smoothing

Exponential smoothing is another technique that can be applied to time series data. This technique can
be applied to smooth the series or it can be applied to make forecast. Exponential smoothing (ES) can
be defined as follow:

Ft= αAt-1+ (1-α) Ft-1 where α is the smoothing parameter (0<α<1), At-1 is actual value in the series
at time t-1, and Ft-1 is previously forecasted value at time t-1.
Double exponential smoothing is another technique that is used to smooth the data or to make the
forecast. One parameter is used in this method like single exponential or simply exponential smoothing
and it is suggested to use when it is believed that a linear trend exists. Double exponential smoothing
method can be defined by the following mathematically expressions:

Ft= αAt-1+ (1-α) Ft-1
Dt= αFt+ (1-α) Dt-1 where F is the single exponential smoothing, D is the double exponential
smoothing, A is the actual value of the series, and α is the smoothing parameter.
Holt-Winters exponential smoothing methods are extension of usual exponential smoothing methods.
There are three types of Holt-Winters exponential smoothing methods; 1-) Holt-Winters No Seasonal
(two parameters), 2-) Holt-Winters Additive (three parameters), 3-) Holt-Winters Multiplicative (three
parameters).

These three methods are defined by the following expressions respectively:

Ft+k=c+tk where c is permanent component and t is trend,
Ft+k=c+tk+st+k, where c is permanent component, t is trend, and st is the additive seasonal factor,
Ft+k=(c+tk)st+k, where c is permanent component, t is trend, and st is the multiplicative seasonal
factor.
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2.6 Autoregressive (AR), Autoregressive Moving Average (ARMA), and Autoregressive
Integrated Moving Average (ARIMA) Models

Autoregressive model of order p AR(p) is

yt =a1yt-1+a2yt-2+…+apyt-p +εt where a1, a2,..., ap are real numbers and yt is the stationary time
series. It means that current value of yt is expressed by using its past values plus a random shock εt. yt
is regressed on its past values. Autoregressive model of order 1 is a simple way to set up the model
over time t. AR (1) model is shown as below

yt=a0+ a1 yt-1+ εt
It is actually an Ordinary Least Square model of yt that regressed on yt-1. If β1 is zero then the series y is
a random series which depends on the random component εt with a drift β0 . If β1 is not zero and it is large

then it means that the series yt is influenced by previous values of y. The model performance can be
evaluated by checking the dependence of residuals. If the model estimates successfully then the
residuals has no dependence that is they are random.
If yt is stationary time series, and εt is a sequence of independent and identically distributed random
variables with mean zero in another words if εt is a white noise series then Moving Average of Order q
MA (q) can be expressed as follow:

yt = εt -b1εt-1-b2εt-2-…-bqεt-q
Combining AR (p) and MA (q) gives ARMA (p,q), and it represents by

yt =a1yt-1+a2yt-2+…+apyt-p + εt -b1εt-1-b2εt-2-…-bqεt-q
The partial autocorrelation at lag is the regression coefficient on when is regressed on a constant. The
partial autocorrelation function (PACF) is useful to estimate the order of autoregressive (AR) models
since autocorrelation function (ACF) never dies out for an AR model therefore it cannot be used to
determine the order of AR process
From the figure 16, it can be seen that the series ISE 100 is likely to have random walk pattern. The
ACFs are declining slowly and the PACFs have only one significant spike. The correlogram in the
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same figure suggests that AR (1) model can be an appropriate model. So it would be better taking the
first-difference of series of Istanbul Stock Exchange National 100 index during the specified period.
Many economic and financial time series are non stationary series in the real cases. The AR, ARMA,
ARIMA models can be used if the series is stationary. Augmented Dickey Fuller unit root test has been
used to check whether the series is stationary or non stationary. If the series exhibits a non stationary
series then it must be transformed to stationary so that AR, ARMA, and ARIMA models can be used.

DF test is based on the three regression forms. If Yt is defined as the series of ISE 100 index in the
specified period, then these three regression forms can be expressed as follow:

I.

Without constant and trend

II.

With constant

III.

With constant and trend

The hypothesis is

Stationary of the series is investigated by using Augmented Dickey-fuller test (ADF). ADF test is
based on the following regression:
∆ =α+λt+β

+δ1Δ

+…+ δ

Δ

+εt
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If calculated Augmented Dickey Fuller (ADF) t-statistics value is greater than ADF critical values at
%1, %5, and %10 then the hypothesis is not rejected that means unit root exists so the series is not
stationary. If calculated Augmented Dickey Fuller (ADF) t-statistics value is less than ADF critical
values at %1, %5, and %10 then the hypothesis is rejected that means unit root does not exist so the
series is stationary.

It can be said that first level of difference of the series of Istanbul Stock Exchange National 100 index
becomes stationary since calculated Augmented Dickey Fuller (ADF) t-statistics is less than ADF
critical values at 1%, 5%, and 10% levels. It is observed by figure 17.
Autoregressive integrated moving average (ARIMA) models are generalization of ARMA model.
ARIMA models (also called as Box-Jenkins models) may include autoregressive terms, moving
average terms, and differencing operations. A nonseasonal ARIMA model is classified as ARIMA (p,
d, q) model where p is the number of autoregressive terms, q is the number of moving average terms,
and d is the number of nonseasonal differences. An ARIMA (p, d, q) process can be expressed with
this equation,

Yt=

∑

(
(

∑

)
)(

)

where Yt is the time series, L is the lag operator,

parameters of autoregressive terms,

are the

are the parameters of the moving average terms, and

are error

terms with mean zero.

As in the shown in the figure 18, ARIMA models are based on identification, estimation, diagnostics,
and forecasting. The time series in the model is either a linear function of past values of the series itself
or it follows a random walk pattern.
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Figure 16: Correlogram of close prices of ISE 100 index
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Figure 17: Correlogram of first difference of the series
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Table 3: Augmented Dickey Fuller (ADF) unit root test
Null Hypothesis: D(CLOSE) has a unit root
Exogenous: Constant
Lag Length: 0 (Automatic - based on SIC, maxlag=24)

Augmented Dickey-Fuller test statistic
Test critical values:
1% level
5% level
10% level

t-Statistic

Prob.*

-40.48861
-3.433944
-2.863014
-2.567602

0.0000

*MacKinnon (1996) one-sided p-values.

Augmented Dickey-Fuller Test Equation
Dependent Variable: D(CLOSE,2)
Method: Least Squares
Included observations: 1722 after adjustments
Variable

Coefficient

Std. Error

t-Statistic

Prob.

D(CLOSE(-1))
C

-0.976094
17.24344

0.024108
19.98996

-40.48861
0.862605

0.0000
0.3885

R-squared
Adjusted R-squared
S.E. of regression
Sum squared resid
Log likelihood
F-statistic
Prob(F-statistic)

0.487993
0.487695
829.3148
1.18E+09
-14015.28
1639.327
0.000000

Mean dependent var
S.D. dependent var
Akaike info criterion
Schwarz criterion
Hannan-Quinn criter.
Durbin-Watson stat

-0.886516
1158.658
16.28024
16.28657
16.28258
2.000494

Here is interpretation of the some ARIMA models:

ARIMA (0, 1, 0) Process:
Y̅t= Yt-1+εt shows a random walk process. ARIMA (0, 1, 0) model also can be expressed as
Y̅t= Yt-1+T+ε t where T is the trend. It shows a random walk with deterministic trend.
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Figure 18: ARIMA model process
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Source: Hung, 2005.

The best prediction of the series Y in this case for the next actual value is the current value of Y itself.
In other words the forecasting models are useless since the values of the series Y are random. The
variance of the series which follows a random walk pattern is not constant therefore the series is not
stationary. For forecasting of Yt+1 is simply used Yt in this process.
ARIMA (1, 0, 0) Process:

Y̅t= θ+βYt-1+εt

or Y̅t=

βYt-1+εt . ARIMA (1, 0, 0) shows an autoregressive process if │β│<1

otherwise the series is not stationary series.
ARIMA (1, 1, 0) Process:
It is called differenced first-order autoregressive process. It can be expressed as follow:

Y̅t = θ +Yt-1+β(Yt-1 -Yt-2) +εt
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Figure 19: ARIMA (0, 1,0) Process, (a) Random Walk and (b) Random Walk with Drift
(a)

(b)
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ARIMA (0, 0, 1) Process:

Y̅t= α+εt+ϕεt-1

or

Y̅t= εt+ϕεt-1 shows

ARIMA (0, 0, 1) process and it is a moving average

process. If │ϕ│<1the model is stationary otherwise it is not.
ARIMA models are widely used as most general models for forecasting a given time series which can
be formed a stationary series by differencing or logging. Random walk with trend or without trend,
autoregressive models, smoothing models all are special cases of ARIMA models. ARIMA models
help us to choose the right forecasting model which fits the given time series.

Autoregressive Conditional Heteroskedasticity (ARCH) Models
Engle (1982) introduced the Autoregressive Conditional Heteroskedasticity (ARCH) model. Bollerslev
(1986) and Taylor (1986) introduced generalized Autoregressive Conditional Heteroskedasticity
(GARCH) model. ARCH models became very popular in Economics, Econometrics, and Finance.
They are widely used in financial time series analysis.
In the figure 20 that plots the daily log returns on ISE100 index from 2006 to 2012 can be seen that
there are some periods which have higher volatility. Many financial forecasting methods are based on
the assumption of homoskedasticity. However in reality, most of the financial series exhibit
heteroskedasticity. It can be easily observed that ISE100 shows periods of high volatility followed by
periods of low volatility which is called volatility clustering.
Figure 20: Log and squared returns on ISE100 between the periods 2006 and 2012.
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There are many extensions of ARCH model. These extensions can be listed as follow:


Exponential General Autoregressive Conditional Heteroskedasticity (EGARCH)



Generalized Autoregressive Conditional Heteroskedasticity (GARCH)



Generalized Autoregressive Conditional Heteroskedasticity in Mean (GARCH-IN-MEAN)



Glosten-Jagannathan-Runkle Generalized Autoregressive Conditional Heteroskedasticity(GJRGARCH)



Integrated Generalized Autoregressive Conditional Heteroskedasticity (IGARCH)



Nonlinear Generalized Autoregressive Conditional Heteroskedasticity (NGARCH)



Quadratic Generalized Autoregressive Conditional Heteroskedasticity (QGARCH)



Threshold Generalized Autoregressive Conditional Heteroskedasticity (TGARCH)



Power Generalized Autoregressive Conditional Heteroskedasticity (PGARCH)

Engle’s ARCH model was based on the assumptions that (i) future variance is a regressed function of
current variance, (ii) the most recent variance influences the future variance much more than
previously variances at past, (iii) variances are changing over time.
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ARCH (1) Model
ARCH models are based on mean and variance equations. Mean equation is stated as below:

Yt= θ+ αXt+ ut
where θ is a constant, Xt is exogenous variable like independent variable in a simple regression model,
and ut is assumed to be distributed independently with a zero mean and constant variance σ2.
Variance equation in the ARCH (1) model is written as:

σ =

+

which is the basic of ARCH (1) model. Here the term

is called ARCH

term. If the variance equation is extended as follow:

σ =

+

+

then it becomes ARCH (2) model. So the ARCH (q) model can be

written as:

Yt= θ+ αXt+ ut
σ =

+∑

The ARCH model states that the variance of the residuals at time t depend on the squared error terms at
time t-1.
If the last period’s forecast variance σ

is included in the variance equation then variance equation

becomes a function of three terms which are a constant term, ARCH term, and σ
GARCH term.
GARCH (1,1) Model

Yt= θ+ αXt+ ut
σ =

+

+

σ

GARCH (p, q) Model

Yt= θ+ αXt+ ut
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which is called

σ =

+∑

+ ∑

σ

The assumption of linear regression is that error terms should have constant (equal) variance which is
independent of i. it can be presented mathematically as follow:
Var ( ui) = σ2.
However the assumption of ARCH model is that error terms have variances which are changing over
time. It has the following demonstration as a mathematical form:
Var ( ui) = σ
Testing for ARCH effects is a vital issue before forecasting by using the ARCH model forecasting. The
test can be done by using Eviews program. Specifying a mean equation and testing for serial
independence are key points to set up the model.
The following equation can be set up for autoregressive model:
<return c return(-1)>
Residuals of the mean equation are used to test for ARCH effects.
Breusch-Pagan-Godfrey test can be used in order to test hetereoskedasticity for the series ISE100
during the period between January 2006 and October 2012.
Table 4: Test for heteroskedasticity
Heteroskedasticity Test: Breusch-Pagan-Godfrey
F-statistic
Obs*R-squared
Scaled explained SS

33.20139
32.61386
82.06763

Prob. F(1,1730)
Prob. Chi-Square(1)
Prob. Chi-Square(1)

0.0000
0.0000
0.0000

Test Equation:
Dependent Variable: RESID^2
Method: Least Squares
Included observations: 1732
Variable

Coefficient

Std. Error

t-Statistic

Prob.

C
RETURN(-1)

-0.005332
0.005672

0.000984
0.000984

-5.416135
5.762065

0.0000
0.0000
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R-squared
Adjusted R-squared
S.E. of regression
Sum squared resid
Log likelihood
F-statistic
Prob(F-statistic)

0.018830
0.018263
0.000756
0.000989
9992.241
33.20139
0.000000

Mean dependent var
S.D. dependent var
Akaike info criterion
Schwarz criterion
Hannan-Quinn criter.
Durbin-Watson stat

0.000340
0.000763
-11.53608
-11.52977
-11.53374
1.810409

The null hypothesis is that homoskedasticity is present. However Obs*R-squared is 32.61. This value
with probability 0.00 implies that the null hypothesis can be rejected and it means that
heteroskedasticity exist.

Table 5: Testing for ARCH (1) effects in ISE100 on the period of January 2006 and October 2012.
Heteroskedasticity Test: ARCH
F-statistic
Obs*R-squared

0.561243
0.561710

Prob. F(1,1729)
Prob. Chi-Square(1)

0.4539
0.4536

Test Equation:
Dependent Variable: WGT_RESID^2
Method: Least Squares
Included observations: 1731 after adjustments
Variable

Coefficient

Std. Error

t-Statistic

Prob.

C
WGT_RESID^2(-1)

1.018533
-0.018013

0.057626
0.024044

17.67494
-0.749162

0.0000
0.4539

R-squared
Adjusted R-squared
S.E. of regression
Sum squared resid
Log likelihood
F-statistic
Prob(F-statistic)

0.000325
-0.000254
2.178779
8207.698
-3803.224
0.561243
0.453862

Mean dependent var
S.D. dependent var
Akaike info criterion
Schwarz criterion
Hannan-Quinn criter.
Durbin-Watson stat

1.000517
2.178503
4.396561
4.402865
4.398893
1.995117

The null hypothesis cannot be rejected since Obs*R-squared is 0.56 with a probability 0.45. Therefore it
cannot be said that ARCH (1) effects are present. However if ARCH (2) effects are tested Obs*R-squared
is 33.30 with a probability 0.00, since this time

Obs*R-squared

is statistically significant therefore the

null hypothesis can be rejected and it can said that ARCH (2) effect is present.
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+∑

Variance equation in ARCH (q) models σ =

implies that when there are

positive and negative shocks they have the same effects on volatility since ARCH (q) models depend
on the square of the previous shocks. The models do not allow for the possibilities of asymmetries in
the changes due to positive and negative shocks. However in real world situations, it is well known that
positive and negative shocks have different impacts. Furthermore higher order ARCH models respond
slowly to big shocks that affect the series since ARCH (q) models are that the volatility of the series is
a function of the past values of the squared error terms and the effect of each new shock depends on the
size of the shock in q lagged period. If the variability of the series in the ARCH (q) model is expected
to change more rapidly than the ARCH (1) model then ARCH (q) model becomes useless for
forecasting.
GARCH

(p,q)

+∑

σ =

model

with

+ ∑

mean

σ

Yt=

θ+

αXt+

ut

and

variance

equation

contains error terms and the series’ past values.

Therefore the GARCH (p,q) model depends on the previous shocks and the past values of the series
itself. GARCH models can give better forecasting results than ARCH models.

2.7 Combining Forecasting Method
Armstrong (2001) suggested combining five or more individual forecasting methods to form a
combining forecasting model. He also suggested using simple mean average of the individual
forecasting methods that are chosen to combine. However there is no certain way to combine the
individual forecasting methods to form a composite forecasting. The aim of combining forecasting is to
decrease the error as much as possible. An important advantage of combining forecasting method is to
develop relatively inexpensive forecasting method. However the procedure of combining is not
clarified that it offers an easy way to maintain forecasting system that guarantees desired forecasting
accuracy.
F1, F 2,…,Fn are separate forecasting methods and F1,i denotes a vector of time series forecasts up to time t
for

1, , 2, , … ,

, respectively where i=1,2,…t. Combining forecasting (CF) formed by simple

mean is shown mathematically as follow:
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CF=

,,

,

⋯

,

Combining forecasting (CF) formed by assigning weights is expressed by the following mathematical
expression:
CF= (1) 1, , + (2) 2, + ⋯ + ( )

, where 0<w(j)<1 and ∑

=1.

A well-established procedure for combining forecast improves forecasting accuracy (Menezes, Bunn,
and Taylor, 2000).
Mean error is a statistical tool that measures whether the forecasts are bias or not. Mean error shows
the tendency of being negative or positive disproportion. It does not give the measure of the magnitude
of the error. It gives the information about the average direction of the error so mean error is used to
understand whether the model that used to make forecast produces the over-forecast or the underforecast.
N1,N2,…,Nj are the models with mean error that have negative signs. P1,P2,…,Pk are the models with
mean error that have positive signs.
CF= average (N1,N2,…,Nj , P1,P2,…,Pk) for some j=1,2,…,n and k=1,2,…,m
The usage of simple mean has proven to do as well as more sophisticated techniques (Armstrong,
1989).
The other method is combining separate models by assigning different weights. However there is no
certain rule how these partitions are done. The selection of the weights can be done by iteration
method. The regression analysis can also be used by assigning actual values as dependent variable and
by assigning the forecast(s) as independent variable.
Combining forecasting method may include both quantitative and qualitative methods. The qualitative
forecasting method in conjunction with quantitative forecasting methods and economic data can lead to
make better forecasting accuracy. The intuition and judgment of the forecaster can improve the
forecasting performance quantitative forecasting method may not capture some points that the intuition
and judgment can detect.
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2.8 Evaluation of Forecasting Accuracy
The forecast error is the difference between actual value and forecast value. This can be shown by the
following equation:
FEt=At-Ft where At is the actual value and Ft is the forecast value at period t.
There are common measurements to evaluate the forecasting performance of the models. The
following measurements are the more popular measures used in this work.



Mean Error (ME)

ME=( ) ∑


(A −F )

Mean Absolute Error (MAE)

MAE=( ) ∑


Mean Absolute Percentage Error (MAPE)

MAPE=( ) ∑


(│A − F │)

(│(A − F )/At│ ∗ 100)

Mean Squared Error

MSE=( ) ∑

(A − F )

2.9 Evaluation of the Performance of the Models to Forecast Stock Index Movement
Direction

Performance of the separate and combined models is going to be evaluated to make forecast for index
movement direction in this study. The following method is used to make forecast direction:
At: Actual value of the index at time t.
At-1: Actual value of the index at time t-1.
Ft: Forecast value of the index at time t.
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Ft-1: Forecast value of the index at time t-1.
The “IF” function in the Excel program is used by the following way:
IF((At- At-1)( Ft- Ft-1)>0;1;0)
The test is going to be applied for the following models: ARIMA(1,1,1), ARIMA(1,1,0),
ARIMA(0,1,1),

GARCH(1,1),

GARCH-std(1,1),

GARCH-var(1,1),

GARCH-log(var)(1,1),

EGARCH(1,1), Naïve, and the combined models that including those separate models perform the best
results.
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CHAPTER THREE EMPIRICAL RESULTS

3.1 Time Series Analysis

3.1.1 Data and Adjusted Sample Size

Daily data of ISE National 100 index between the period of 01/04/2006 and 11/23/2012 is used to
forecast in this study. Data is taken from tr.investing.com which is Turkish edition of investing.com
that is known as the leading global financial portal. Adjusted sample size is found by the following
formula as mentioned before:
(

)

(

)

S̅=S

Sample size is 1734 in this study.

= c+

is calculated by using error terms ( ) .

.

can also be estimated by the value of 1 − /2 where d is the Durbin-Watson statistics. This
equation implies that when d is close to two,

will be close to zero therefore adjusted sample size

will be almost equal to sample size chosen in the time series analysis. The Durbin-Watson statistics
will be given in the forecasting models. If Durbin-Watson statistics is very close to two then it implies
that sample size is effective sample size for the forecasting model otherwise sample size is adjusted by
the given formula above.

3.1.2 Testing for Stationarity

The graph of ISE 100 between the period of 2006 and 2012 is given in the figure 21. As it can be seen
from the graph, ISE National 100 index follows a random path therefore it seems it is non stationary
like many other financial time series. ADF test is used to state whether it is stationary or not.
Figure 21: The graph of ISE 100 between the period of January 2006 and October 2012
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ADF test which is a version of the Dickey-Fuller test (DF) can be applied for larger and more
complicated time series. Table 6 shows the results of ADF test.
Table 6: ADF test for ISE100

Null Hypothesis: ISE100 has a unit root
Exogenous: Constant
Lag Length: 0 (Automatic - based on SIC, maxlag=24)
t-Statistic

Prob.*

Augmented Dickey-Fuller test statistic

-0.935650

0.7772

Test critical values:

1% level

-3.433920

5% level

-2.863004

10% level

-2.567597

Since computed ADF test-statistics is greater than the critical values test results indicate that ISE100 is
a non stationary time series; it means that it follows a random path. Differencing is a process used to
make the series stationary. The new series graph dISE100 which is equal to ISE100t-ISE100t-1 is given
in the figure 22.
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Figure 22: The graph of dISE100
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Table 7: ADF test results for dISE100

Null Hypothesis: DISE100 has a unit root
Exogenous: Constant
Lag Length: 0 (Automatic - based on SIC, maxlag=24)
t-Statistic

Prob.*

Augmented Dickey-Fuller test statistic

-40.63800

0.0000

Test critical values:

1% level

-3.433923

5% level

-2.863005

10% level

-2.567597

*MacKinnon (1996) one-sided p-values.
ADF test results indicate that dISE100 is a stationary time series since computed ADF test-statistics is
less than the critical values. Therefore dISE100 is integrated of order 1 I(1).
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Although ADF test results indicate that ISE100 follows a random walk, Variance Ratio (VR) test is
also applied since ADF has the low power to test the randomness when ADF is compared with VR test.
VR test is applied to ISE100 and log(ISE100) between the period of 2006 and 2012.

Table 8: Variance Ratio test of ISE100

Null Hypothesis: ISE100 is a random walk
Joint Tests

Value

df

Probability

Max |z| (at period 4)*

1.143662

384

0.6882

Wald (Chi-Square)

5.615413

4

0.2298

Individual Tests
Period

Var. Ratio

Std. Error

z-Statistic

Probability

2

1.006111

0.051031

0.119747

0.9047

4

1.109186

0.095470

1.143662

0.2528

8

1.071522

0.150952

0.473805

0.6356

16

1.076695

0.224624

0.341437

0.7328

Table 9: Variance Ratio test of log(ISE100)

Null Hypothesis: Log ISE100 is a random walk
Joint Tests

Value

df

Probability

Max |z| (at period 4)*

1.141131

384

0.6900

Wald (Chi-Square)

6.794105

4

0.1472

Individual Tests
Period

Var. Ratio

Std. Error

z-Statistic

Probability

2

0.998170

0.051031

-0.035857

0.9714

4

1.108944

0.095470

1.141131

0.2538
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8

1.066317

0.150952

0.439325

0.6604

16

1.061918

0.224624

0.275653

0.7828

VR tests’ results indicate that both ISE100 and log(ISE100) follow random walk.

3.2 Forecasting by Associative (Causal) Models

The associative forecasting model propose that the forecast is related to other variable(s). The causeeffect relationship is tried to be established in these types of models. Many different kinds of factors
affect the stock market. Istanbul Stock Exchange market is also affected by many different variables.
Asset pricing models are based on the associative models. Beta is the only explanatory power in the
CAPM and CCAPM. Beta (measure of investment portfolio risk) is the only factor that affecting the
stock prices and return rates in these models. There are many factors in theory of APT and in the model
of ICAMP. Fama and French 3-factor model contains three factors. Haznedaroglu and Tas (2010)
concluded that there are too many factors affecting Istanbul Stock Exchange market. Tursoy, Gunsel,
and Rjoub (2008) tested effects of some macroeconomic variables like money supply, industrial
production), crude oil price, consumer price index, import, export, gold price, exchange rate, interest
rate, gross domestic product, foreign reserve, unemployment rate and market pressure index. They
concluded that the results of the empirical tests showed that there was no significant pricing relation
between the stock return and the tested macroeconomic variables. Regression models are also
associative forecasting models. The first step in these types of models is the identification of variables
that can be used to make forecast the values of the variable of interest. Regression models are based on
the idea that a dependent variable is related to one or more independent variables and this cause-effect
relationship is stated by an equation. The following multiple linear regression model can be used to
make forecast the future movements of ISE100 index:

Y= a+b1X1+b 2X2+…+bnXn
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Where Y is the forecasted value, Xi is the independent variable that affects the value of Y, a and b are
constants.
The foreign currency is assumed to be an independent variable in the associative forecast models for
stock exchange. The relationship between USD/TL currency and the value of ISE100 is shown in
figures 23 and 24 and it is seen that the relation between them differs in different time interval.

Figure 23: Scatter diagram of natural logarithms of ISE and USD/TL currency during September 2008
and October 2008.
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Figure 24: Scatter diagram of natural logarithms of ISE and USD/TL currency during November 2009
and December 2009.
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Money supply, crude oil price, consumer price index, import, export, gold price, exchange rate, interest
rate, gross domestic product, foreign reserve, unemployment rate, social events, political events,
national or international conflicts, foreign stock markets, capital flows and so on. The list of the factors
which affecting the value of ISE100 can be extended. Exchange rate is assumed to be one of the
independent variable in the associative forecasting model. It can be concluded by observing figure 23
that ISE100 value and USD/TL currency during September 2008 and October 2008 shows a negative
correlation however as it is seen in figure 24 when the period November 2009 and December 2009 is
investigated the negative correlation violated and the pattern shows that they have a positive
correlation. The Turkish economy is still affected extremely by political and social events like many
other developing countries’ economies. The measurements of these factors in the associative models
are not practically possible. Furthermore these factors and their effects on the Istanbul Stock Exchange
market are not predictable.
Therefore due to the unidentified number of factors and effect of the factors the associative models are
not preferable to forecast the ISE100 index.
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3.3 Forecasting by Using Simple Moving Average
The longer-moving averages smoothes the randomness of the series more however the shorter movingaverages produces the better forecast accuracy since the shorter ones are closer to the actual data when
comparing with others.

Figure 25: mov10ise100, mov15ise100, ISE100 during the period of January 2011 and October 2012
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A 10-period moving average series called mov10ise100 is generated to forecast. This series forecast
performance is compared with another 15-period moving average series called mov15ise100.
Forecast performance is measured by using ME, MAE, MAPE, MSE, and NMSE. The following table
reports the performance of 10-period and 15-period of moving average series.
Table 10: Performance of 10-period and 15-period of moving average series
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Mov10ise100

mov15ise100

ME

112.717

149.940

MAE

1288.103

1424.037

MAPE

2.810

3.069

MSE

3812412

6039353

The results clearly show that mov10ise100 has better forecasting accuracy when it is compared with
mov15ise100.

3.4 Forecasting by Using Exponential Smoothing

Exponential smoothing can be used to smooth the time series or to make the forecast. In this study
exponential smoothing is used to make forecast. Exponential smoothing, double exponential
smoothing, Holt-Winters no seasonal, additive, and multiplicative models are applied to make forecast.
Exponential smoothing and double exponential smoothing have one smoothing factor, Holt-Winters no
seasonal has two parameters, Holt-Winters additive, and multiplicative models have three parameters.
In the forecasting process different smoothing factor are chosen and the forecasting performances are
measured by using ME, MAE, MAPE, and MSE.
It is recommended that when the level of randomness is high to choose small smoothing factor and
when it is more likely to have pattern to choose bigger value of smoothing factor. The results given in
the table 11 indicate that higher values of smoothing factor give better forecast accuracy. It is seen in
the same table that as the value of alpha increases the error decreases. Therefore it can be concluded
that ISE100 follows a random walk however the level of randomness is not high and it is more likely to
have a pattern.
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Table 11: Forecast performance of Exponential Smoothing Model
Exponential Smoothing

ME

MAE

MAPE

MSE

Alpha=0.3

49.944

891.968

1.948

1391019

Alpha=0.5

28.958

730.432

1.589

941832

Alpha=0.7

24.921

661.293

1.431

766291

The table 12 reports the output of error measurement tests of double exponential smoothing. For
investigation, different values of smoothing factor are chosen and their performance is reported in the
same table.

Table 12: Double exponential (DE) smoothing
DE Exponential Smoothing ME

MAE

MAPE

MSE

Alpha=0.1

5.858

1099.735

2.384

2064934

Alpha=0.3

-3.112

741.865

1.611

963784

Alpha=0.7

-0.955

709.599

1.529

878551

Evaluations in error measurement show that higher values of alpha is giving results with better
forecasting performance. Therefore alpha as a parameter in exponential smoothing is going to be
chosen with higher values for the other types of exponential smoothing factor. These values are again
compared with other values of parameters. Holt-Winters exponential smoothing with no seasonal
model contains two parameters. Different values of parameters are chosen and compared with each
other. The parameters alpha and beta are chosen as 0.3 and 0.7 respectively and ME, MAE, MAPE,
and MSE are reported in the following table.
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Table 13: Holt-Winters Exponential Smoothing

No Seasonal

Additive

Multiplicative

Alpha&Beta ME

MAE

MAPE

MSE

0.3

-4.438

921.502

2.005

1457126

0.7

-112.557

803.102

1.331

1127036

0.3

-562.941

1439.493

2.326

5119895

0.7

-576.817

1376.238

2.200

4804488

0.3

-4.647

951.276

2.070

1549114

0.7

-544.437

1348.476

2.160

4401985

3.5 Forecasting by Using Autoregressive Models

Autoregressive model is a process that regresses on itself. Therefore this model depends only on the
previous data of the series. Autoregressive p-order model is expressed by the following equation:
=

+

+

+ ⋯+

+

where

is a white-noise series.

It is already found that ISE100 is a non-stationary series and first difference of ISE100 produces a
stationary series by using ADF and variance ratio test. The results indicate that ISE100 follows a
random pattern. These findings help to choose the lag of autoregressive model.
Figure 26: Correlogram of ISE100 between the period of 2006 and 2012
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The correlogram of ISE100 in figure 26 between the period of January 2006 and October 2012 shows
that Partial Autocorrelation (PAC) has only one significant spike, so it can be considered that AR(1)
model can be suggested. However Autocorrelation (AC) is supposed to have long-decaying in the case
of AR(1) model. Differencing is applied to get a stationary series. It is shown that first difference of the
series ISE100 is a stationary series.
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Table 14: AR(1) model for ISE100

Dependent Variable: DISE100
Method: Least Squares
Sample (adjusted): 1/06/2006 11/23/2012
Included observations: 1731 after adjustments
Convergence achieved after 5 iterations
Variable

Coefficient

Std. Error

t-Statistic

Prob.

C

14.47403

17.80977

0.812702

0.4165

DISE100(-1)

0.144580

0.090816

1.592009

0.1116

AR(1)

-0.122232

0.091109

-1.341596

0.1799

R-squared
Adjusted R-squared

0.000830

Mean dependent var

16.91618

-0.000327

S.D. dependent var

828.2946

S.E. of regression

828.4299

Akaike info criterion

16.27867

Sum squared resid

1.19E+09

Schwarz criterion

16.28813

Log likelihood

-14086.19

Hannan-Quinn criter.

16.28217

Durbin-Watson stat

1.998902

F-statistic

0.717398

Prob(F-statistic)

0.488166

Inverted AR Roots

-.12

Figure 27: The graph of residuals of AR(1) model
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From this graph it can be concluded that the residuals are white-noise series. The correlogram of
residuals also supports the idea that the series of residuals are white-noise.
Figure 28: The correlogram of residuals

Different AR models are compared and the comparison is made by using Schwartz Bayesian
Information Criterion (SBC=n*ln(

)+k*ln(n) where

is the error variance and k is the number of

free parameters to be estimated in the model)and Akaike Information Criterion (AIC=2*k-2*ln(L)
where L is the maximized value of the likelihood function for the estimated model). The criterions to
choose the better model are relatively small values of SBC and AIC among the considered AR models.
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Table 15: Comparison of AR models
Model

SBC

AIC

R-squared

AR(1)

16.279

16.289

0.000830

AR(2)

16.279

16.289

0.000828

AR(3)

16.280

16.295

0.000836

AR(1) model has AIC and SBC as 16.279 and 16.289 respectively with R-squared that has value
0.000830. These results indicate that lower orders of AR models can be used to make forecast since
lower models have relatively small SBC and AIC.

3.6 Forecasting by Using Autoregressive Moving Average Model (ARMA) and
Autoregressive Integrated Moving Average Model (ARIMA)

MA (q) can be expressed as follow:

yt = εt -b1εt-1-b2εt-2-…-bqεt-q
Combining AR (p) and MA (q) gives ARMA (p,q), and it represents by

yt =a1yt-1+a2yt-2+…+apyt-p + εt -b1εt-1-b2εt-2-…-bqεt-q

It is assumed that in the ARMA model the time series is stationary. Most economic and financial time
series are not stationary series. ISE100 is also not stationary time series. Since ISE100 is a non
stationary series, first it should be converted as a stationary series. It is shown that first difference of
ISE100 is a stationary series. The new time series is said to be an ARIMA (p, 1, q) process since first
differencing operation is performed.
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ARIMA models are based on the three stages which are i) identification, ii) estimation and iii)
diagnostic checking.
Suggestions for different ARIMA models can be offered by comparing the sample ACF and PACF.
Figure 29: The correlogram of ISE100

The ACF of the series ISE100 is not dying down or showing signs of decay. This result also supports
that ISE100 is a non stationary time series which is shown by ADF Unit Root Test and Variance Ratio
Test.
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Operation of the first differences of the series ISE100 is performed to be achieved stationarity. The
new series is called DISE100. The following figure shows the correlogram of the ACF and PACF.

Figure 30: The correlogram of DISE100

Since neither the ACF nor the PACF show a definite cut off, a mixed process is suggested. In this stage
different mixed ARIMA models are performed.
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In the second stage estimation will be done by using Schwartz Bayesian Information Criterion (SBC)
and Akaike Information Criterion (AIC).

Table 16: Estimation of ARIMA model
Model

AIC

SBC

R-squared

ARIMA(1,1,1)

16.280

16.292

0.000904

ARIMA(1,1,0)

16.279

16.288

0.000830

ARIMA(0,1,1)

16.278

16.287

0.001056

ARIMA(2,1,2)

16.280

16.300

0.002702

Schwartz Bayesian Information Criterion (SBC) and Akaike Information Criterion (AIC) showed that
ARIMA(0,1,1) can be selected as a better model than the other ARIMA models.

Table 17: ARIMA(0,1,1) model

Dependent Variable: DISE100
Method: Least Squares
Sample (adjusted): 1/05/2006 11/23/2012
Included observations: 1732 after adjustments
Convergence achieved after 54 iterations
Variable

Coefficient

Std. Error

t-Statistic

Prob.

C

2.522999

4.923731

0.512416

0.6084

DISE100(-1)

0.832365

0.216478

3.845035

0.0001

MA(1)

-0.827656

0.219599

-3.768940

0.0002

R-squared

0.001056

Mean dependent var

17.11423

-0.000099

S.D. dependent var

828.0963

S.E. of regression

828.1374

Akaike info criterion

16.27797

Sum squared resid

1.19E+09

Schwarz criterion

16.28742

Adjusted R-squared
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Log likelihood

-14093.72

F-statistic

0.914199

Prob(F-statistic)

0.401031

Inverted MA Roots

Hannan-Quinn criter.

16.28146

Durbin-Watson stat

1.964748

.83

Stationarity and invertibility are important for the validity of the model. Since every moving average
model is invertible and ARIMA(0,1,1) does not have AR component stationarity is guaranteed. The
absolute value of the coefficient of the MA(1) is less than 1 so the model ARIMA(0,1,1) is also
invertible.
Although it seems that ARIMA(0,1,1) is better than other ARIMA models, there is no significant
difference among the chosen models. The next step is diagnostic stage. Choosing the order of lag to
use contains practical problems since if a small lag is chosen, then the test may not detect serial
correlation at high-order lags. Furthermore if a large lag is chosen, then the test may have low power.
In this stage Ljung-Box statistics for residuals at lags 8, 16 and 24 are used for diagnostic checking.
The table below reports the results of the diagnostics of the models. if there is no serial correlation Qstatistics should be insignificant for large probabilities.

Table 18: Ljung-Box statistics for residuals (significant levels in brackets)
Model

at lag 8

at lag 16

at lag 24

ARIMA(1,1,1)

6.07(0.416)

17.17(0.247)

32.98(0.062)

ARIMA(1,1,0)

6.12(0.525)

17.14(0.249)

32.94(0.082)

ARIMA(0,1,1)

8.31(0.306)

20.04(0.170)

35.44(0.047)

ARIMA(2,1,2)

7.93(0.243)

20.30(0.121)

35.48(0.035)

Identification stage is the main difficulty in using ARIMA models. Assigning the best model from the
different representations is often not easy task. Finding the best single forecasting method rises as a
crucial problem to use ARIMA models. In our case, end of diagnostic stage ARIMA(1,1,0) can be
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chosen to make forecast however since results in estimation and diagnostic stages are not significantly
different, forecast is performed by using ARIMA(1,1,1), ARIMA(0,1,1), and ARIMA(1,1,0). The
results of forecast performance are reported in the table 19.

Table 19: Forecasting performance of ARIMA models
Model

ME

MAE

MAPE

MSE

ARIMA(0,1,1)

13.584

623.372

1.346

685337

ARIMA(1,1,0)

16.230

623.933

1.346

685368

ARIMA(1,1,1)

16.389

623.925

1.346

685324

MAE of ARIMA(1,1,1), ARIMA(0,1,1) and ARIMA(1,1,0) do not have a significant difference
however error performance results indicate that MSE of ARIMA(1,1,1) is slightly different and better
than other ARIMA models.

3.7 Forecasting by Using Autoregressive Conditional Heteroskedasticity Models

Autoregressive Conditional Heteroskedasticity (ARCH) models are used to make forecast conditional
variances. ARCH models are referred Autoregressive Conditional Heteroskedasticity and General
Autoregressive Conditional Heteroskedasticity models in this study.
It can be seen that from the graph of the rate of return of ISE100 between the period of 2006 and 2012,
the asset returns were large in either the upward direction or the downward direction. It can be also
seen that large changes in returns were likely to be followed be by large changes as well as in the case
of small changes in returns.
It is assumed that all variables are stationary in ARCH type models. Therefore mean equation in the
model is expressed by the following variables:
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dise100 dise100(-1) where dise100 is the first difference of the series ISE100.

Figure 31: The graph of the rate of return of ISE100
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Schwartz Bayesian Information Criterion and Akaike Information Criterion are used for model
selection. The table 20 reports the results of different ARCH type models.
Table 20: ARCH type models
Model

Akaike

Schwarz

R squared

GARCH(1,1)

16.192

16.205

0.000102

GARCH(0,1)

16.269

16.274

0.000089

GARCH(1,0)

16.279

16.288

0.000118

GARCH(3,3)

16.191

16.219

-0.000018
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Schwartz Bayesian Information Criterion and Akaike Information Criterion showed that GARCH(1,1)
can be selected as the better model than the other ARCH type models since SBC and AIC are relatively
smaller than the others. Estimation equation and substituted coefficients obtained by using Eviews are
given in the GARCH(1,1) model as follow:
Estimation Command:
=========================
ARCH(BACKCAST=0.7,DERIV=AA) DISE100 DISE100(-1)
Estimation Equation:
=========================
DISE100 = C(1)*DISE100(-1)
GARCH = C(2) + C(3)*RESID(-1)^2 + C(4)*GARCH(-1)
Substituted Coefficients:
=========================
DISE100 = 0.0274290686896*DISE100(-1)

GARCH = 27697.4436214 + 0.0886957584815*RESID(-1)^2 + 0.872007633652*GARCH(-1)

Table 21: GARCH(1,1) model

Dependent Variable: DISE100
Method: ML - ARCH (Marquardt) - Normal distribution
Sample (adjusted): 1/05/2006 11/23/2012
Included observations: 1732 after adjustments
Convergence achieved after 18 iterations
Presample variance: backcast (parameter = 0.7)
GARCH = C(2) + C(3)*RESID(-1)^2 + C(4)*GARCH(-1)
Variable

Coefficient

Std. Error

z-Statistic

Prob.

DISE100(-1)

0.027429

0.025429

1.078656

0.2807

Variance Equation
C

27697.44

6333.094

4.373446

0.0000

RESID(-1)^2

0.088696

0.010342

8.576326

0.0000

GARCH(-1)

0.872008

0.014309

60.94303

0.0000
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R-squared

0.000102

Mean dependent var

17.11423

Adjusted R-squared

0.000102

S.D. dependent var

828.0963

S.E. of regression

828.0541

Akaike info criterion

16.19257

Sum squared resid

1.19E+09

Schwarz criterion

16.20517

Log likelihood

-14018.77

Hannan-Quinn criter.

16.19723

Durbin-Watson stat

2.008412

The sum of ARCH term and GARCH term is very close to 1. This result shows that ISE100 is a high
frequency financial data and the conditional variance gets back to its steady state after a long time
period.
The table 22 gives the results of error measurements outputs.

Table 22: Forecasting performance of GARCH(1,1) model
Model

ME

MAE

MAPE

MSE

GARCH(1,1)

16.477

623.946

1.346

685604

In this section different ARCH models are also used to make forecast. EGARCH and PGARCH
models are applied and their performance is evaluated by using chosen error measurement criteria. The
previous GARCH(1,1) model is used without adding standard deviation ( std. dev), variance and
logarithm of the variance (log(var)) in the mean equation. It is possible to apply GARCH(1,1) model
by adding std. dev., variance, or log(var).
The author is also used EGARCH, PGARCH, and GARCH(1,1) with std. dev., variance, and log(var)
to make forecast. The table 23 reports the results of the error measurements of EGARCH, PGARCH,
and GARCH(1,1) with std. dev., variance, and log(var).
Table 23: Forecasting performance of EGARCH, PGARCH, and GARCH(1,1) with std. dev., variance,
and log(var)
Model

ME

MAE

MAPE

MSE

GARCH(std.dev)

-31.111

623.284

1.346

686500
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GARCH(variance)

-25.127

623.079

1.346

686702

GARCH(log(var))

-33.359

623.479

1.347

686171

EGARCH

16.121

624.094

1.347

685691

PGARCH

15.980

624.289

1.347

686016

From the table above, it is seen that GARCH(1,1) produces slightly better forecasting results than other
types of ARCH models.

3.8 Forecasting by Using Naïve Method

Naïve method is based on the idea that the forecast for the current value is the actual value which
observed during the previous period. Although it is very simple forecasting method, it sometimes
produces better forecasting accuracy than more sophisticated forecasting models.
Table 24: Forecasting performance of Naïve model
Model

ME

MAE

MAPE

MSE

Naïve

16.919

623.929

1.347

685962

PGARCH

15.980

624.289

1.347

686016

GARCH(std.dev)

-31.111

623.284

1.346

686500

GARCH(variance)

-25.127

623.079

1.346

686702

GARCH(log(var))

-33.359

623.479

1.347

686171

Naïve model and the other models in that table 24 have very close value for MAE however MSE
shows that Naïve model produces slightly better forecasting results than these more sophisticated
forecasting models.
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3.9 Forecasting by Using Combining Forecasting Method

There are nine individual forecasting methods to be combined in this study. These nine models are
combined by taken two, three, four, five, six, seven, and eight models. Combinations are done by
taking the simple mean of the results of individual models. These seven different types of combinations
are analyzed one by one. The models that are used in the combinations are listed from table 26 to table
32.
Table 25: The models that used in the combinations
Model Name
ARIMA(1,1,1)
ARIMA(0,1,1)
ARIMA(1,1,0)
GARCH(1,1)
EGARCH(1,1)
NAÏVE
GARCH(var)(1,1)
GARCH(std)(1,1)
GARCH(log(var))(1,1)
The tables for these seven types of combinations are reported one by one. These tables contain no. of
combinations, smallest error, largest error, mean of the errors, and the percentage of the errors that are
less than the error belongs the best individual forecasting method which is ARIMA(1,1,1).
Table 26: Statistical results of the combinations of two models from nine
Number of combinations

36

Smallest MSE

684997

Largest MSE

686910
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Mean of the MSE

685513

Percentage of the errors less than ARIMA(1,1,1)

22

The smallest error is achieved by combining ARIMA(1,1,1) and ARIMA(0,1,1) and the largest error is
obtained by combining GARCH(std)(1,1) and GARCH(log(var))(1,1).

Table 27: Statistical results of the combinations of three models from nine
Number of combinations

84

Smallest MSE

684892

Largest MSE

686035

Mean of the MSE

685413

Percentage of the errors less than ARIMA(1,1,1)

39

The results indicate that the best combination of nine models taken three is ARIMA(1,1,1),
ARIMA(0,1,1), and GARCH(var)(1,1). The worst model is EGARCH(1,1), GARCH(std)(1,1), and
GARCH(log(var))(1,1).

Table 28: Statistical results of the combinations of four models from nine
Number of combinations

126

Smallest MSE

684969

Largest MSE

686057

Mean of the MSE

685360

Percentage of the errors less than ARIMA(1,1,1)

48
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The combination of ARIMA(1,1,1), ARIMA(0,1,1), EGARCH(1,1), and GARCH(var)(1,1) has the
smallest error and the combination of EGARCH(1,1), GARCH(var)(1,1), GARCH(std)(1,1), and
GARCH(log(var))(1,1) has the largest error.

Table 29: Statistical results of the combinations of five models from nine
Number of combinations

126

Smallest MSE

684999

Largest MSE

685759

Mean of the MSE

685305

Percentage of the errors less than ARIMA(1,1,1)

57

Table 30: Statistical results of the combinations of six models from nine
Number of combinations

84

Smallest MSE

685073

Largest MSE

685590

Mean of the MSE

685280

Percentage of the errors less than ARIMA(1,1,1)

64

Table 31: Statistical results of the combinations of seven models from nine
Number of combinations

36

Smallest MSE

685119

Largest MSE

685460

Mean of the MSE

685258
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Percentage of the errors less than ARIMA(1,1,1)

78

Table 32: Statistical results of the combinations of eight models from nine
Number of combinations

9

Smallest MSE

685151

Largest MSE

685376

Mean of the MSE

685244

Percentage of the errors less than ARIMA(1,1,1)
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It is seen from the tables 26 to 32 that combining more models increases the chance of getting better
forecasts than the best single forecasting models which is ARIMA(1,1,1). It is also observed from the
tables 26 to table 32 that the mean of the mean squared errors decreases as the number of models that
combined increases.
Figure 32: Comparing the number of models that combined and the chance of having better forecasts
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However the least MSE is achieved by combining three models as it is seen in table 33. As it is
reported in table 47, in the all results which produce least MSE there are ARIMA models. One, two or
three ARIMA models are included in the all best models that derived from the combinations.
Table 33: The comparison of number of models and their forecast errors
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Smallest error
largest error
mean error

2
684997
686910
685513

3
684892
686035
685413

Number of combined models
4
5
6
684969 684999 685073
686057 685759 685590
685360 685305 685280

7
685119
685460
685258

8
685151
685376
685244

Forecasts are made by combination of nine individual forecasting methods. Different combinations are
tested and their forecast performance is calculated. The error measurement is done by using Mean
Square Error (MSE). Since MSE is more sensitive to changes than other measurements, it is used to
test whether combining forecasting method is better to make forecast than the single forecasting
methods or not.
In this stage equal weights are assigned to the individual forecasting methods to make forecasting by
combining.

Table 34: The best single forecasting methods among the similar ones
Model

ME

MAE

MAPE

MSE

(I)ARIMA(1,1,1)

16389

623.925

1.346

685324

(II)GARCH(1,1)

16.477

623.946

1.346

685604

(III)Naïve

16.916

623.929

1.347

685962

These three models combined as follow:
ARIMA(1,1,1), GARCH(1,1) and Naïve
ARIMA(1,1,1) and GARCH(1,1)
ARIMA(1,1,1) and Naïve
GARCH(1,1) and Naïve.
MSE of these combinations is calculated and reported at the table 35.
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Table 35: MSE of combinations of ARIMA(1,1,1), GARCH(1,1) and Naïve methods
Model

MSE

(I)+(II)+(III)

685477

(I)+(II)

685400

(I)+(III)

685491

(II)+(III)

685654

These results are not better than best single forecasting method which is ARIMA(1,1,1) that has
685324 as a value of MSE. However it is assumed that combining forecasting method was supposed to
produce better forecasting accuracy. ARIMA(1,1,1) is the best ARIMA model, GARCH(1,1) is the
better model among the ARCH-type models. It is also found that Naïve method produces very good
forecast but combining of these ARIMA(1,1,1), GARCH(1,1), and Naïve methods did not give better
result. Although there is a huge literature on combining forecast and many research showed that
combining forecasting decreases forecast error, when to combine and how to combine are not stated in
the most of the works. The choice of method to use to combine the individual forecasting method is not
obvious in the most of the studies.
Another method is assigning weights to the individual methods. However the proportion for the
weights that assigned to the individual forecasting method is not based on a rule. Therefore different
numbers are assigned then the forecasting performance is reported.
Table 36: The forecasting performance of combining forecasting that performed by assigning different
coefficients.
Model

MSE

0.4*ARIMA(1,1,1)+0.3*(GARCH(1,1)+NAÏVE)

685449

0.6*ARIMA(1,1,1)+0.2*(GARCH(1,1)+NAÏVE)

685383

0.8*ARIMA(1,1,1)+0.1*(GARCH(1,1)+NAÏVE)

685341

0.6*NAÏVE+0.2*(ARIMA(1,1,1)+GARCH(1,1))

685617
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0.6*GARCH(1,1)+0.2*(ARIMA(1,1,1)+NAÏVE)

685503

ARIMA(1,1,1) as the best single method has the value 685324 for the MSE. As it is seen that the
results above are not better than ARIMA(1,1,1). It is also observed that increasing on the weight of
ARIMA(1,1,1) model in combining forecasting method increases the forecasting accuracy however
this procedure does not produce better forecasting results than ARIMA(1,1,1).

Table 37: The performance of the separate models according to Mean Square Error
Models

MSE

1. ARIMA(1,1,1)

685324

2. ARIMA(0,1,1)

685337

3. ARIMA(1,1,0)

685368

4. GARCH(1,1)

685604

5. EGARCH(1,1)

685691

6. Naïve

685962

7. GARCH(log(var))

686171

8. GARCH(std)

686500

9. GARCH(var)

686702

The table 37 indicates that ARIMA models produce less MSE than all other type of models. The
combination method is applied for the models in the same table. In the first stage the simple mean
method is used and the second stage the regression method is used to assign weights to these ARIMA
models. The forecasts are combined using regression weights which are evaluated using the regression
of the form:
=∑

,

+

where

,

, i=1,…,n are one-step ahead forecasts of

forecasted by using regression weights of the

,

and ∑

=1.

.

Table 38: Comparison of the combining ARIMA models with simple mean and different weights
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is

Combination method

MSE

Simple mean-based weights

685057

Regression-based weights

684946

As the best separate model ARIMA(1,1,1) has the value 685324 of MSE. Combination of both
ARIMA models by simple mean and regression has better forecasting accuracy than separate
ARIMA(1,1,1) model. If separate ARIMA models are regressed on actual values to assign weights
then it shows better accuracy than combining by simple mean.

Table 39: Classification of the models according to the sign of the Mean Error
Models with positive ME

Models with negative ME

ARIMA(1,1,1)

GARCH(std)

ARIMA(1,1,0)

GARCH(var)

ARIMA(0,1,1)

GARCH(log(var))

GARCH(1,1)
EGARCH(1,1)
NAÏVE
It is seen in table 37 that the models with positive mean error produced better forecasts than the models
with negative mean error. Moreover it is shown that the combination of the best models which are
ARIMA models produced better forecasting accuracy than the best separate models. Positive mean
error means that the forecasting method used to make forecast is producing over-forecast and negative
mean error means that the applied forecasting method is producing under-forecast. Therefore it is
supposed that the combination of one model that has positive mean error and another with negative
mean error may produce better forecasting accuracy. ARIMA(1,1,1), ARIMA(1,1,0), and
ARIMA(0,1,1) are combined by GARCH(std), GARCH(var), and GARCH(log(var)). The table 40
reports the forecasting performance based on the mean square error.
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Table 40: Forecast performance of ARIMA(1,1,1) and GARCH models
Model

Mean Square Error

ARIMA(1,1,1)+GARCH(std)

685424

ARIMA(1,1,1)+GARCH(var)

685564

ARIMA(1,1,1)+GARCH(log(var))

685240

ARIMA(1,1,0)+GARCH(log(var))

685270

ARIMA(1,1,0)+GARCH(std)

685451

ARIMA(0,1,1)+GARCH(std)

685244

ARIMA(0,1,1)+GARCH(var)

685369

ARIMA(0,1,1)+GARCH(log(var))

685066

The better result is the given by the combination of ARIMA(0,1,1)+GARCH(log(var)) with mean
squared error 685066 among the combinations that are given in table 40. However the combination of
the ARIMA models that are combined by simple mean produced better forecasting performance than
the ARIMA(0,1,1)+GARCH(log(var)). The combination of the ARIMA models by assigning different
weights by using regression method has the value 684946 as a mean squared error which is better than
the combination method done by simple mean.
Regression method is also applied to combine ARIMA models and GARCH(var), GARCH(std), and
GARCH(log(var)). The results are reported in the following table.

Table 41: Performance of the combined models
Model

Mean Square Error

0.44*ARIMA(1,1,1)+0.56*GARCH(var)

685321

0.91*ARIMA(1,1,1)+0.09*GARCH(std)

685244
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1.08*ARIMA(1,1,1)-0.08*GARCH(log(var))

685401

0.37*ARIMA(1,1,0)+0.63*GARCH(var)

685465

0.87*ARIMA(1,1,)+0.13*GARCH(std)

685263

1.04*ARIMA(1,1,0)-0.04*GARCH(log(var))

685404

0.46*ARIMA(0,1,1)+0.54*GARCH(var)

685119

0.63*ARIMA(0,1,1)+0.37*GARCH(std)

685105

0.76*ARIMA(0,1,1)+0.24*GARCH(log(var))

685147

The results show that the composite forecasting model by assigning different weights by applying
regression method also produced better forecasts than the individual forecasting methods. The best
forecast performance is recorded as a mean square error value of 685105 which is not better than the
combination of ARIMA(0,1,1) and GARCH(log(var)) by using simple mean.
Average of ARIMA models produced the best forecasts among the combinations of the models. Mean
square error is equal to 685016 by combining ARIMA models using simple mean of the ARIMA
models and mean square error is equal to 684946 by combining ARIMA models using regression
analysis.
ARIMA models have positive mean error. GARCH(var), GARCH(std), and GARCH(log(var)) have
negative mean error. The table below reports the results of mean square errors by combining average
of ARIMA models by GARCH(var), GARCH(std), and GARCH(log(var)) respectively.
Table 42: Performance of the combination of ARIMA models, GARCH(var), GARCH(std), and
GARCH(log(var)) respectively using simple mean.
Model

MSE

Average(ARIMA models+GARCH(var))

684922

Average(ARIMA models+GARCH(std))

685016

Average(ARIMA models+GARCH(log(var))

685092
105

The next combination method is performed by using regression analysis to assign weights to ARIMA
models and GARCH(var), GARCH(std), and GARCH(log(var)) respectively. The models and the
weights to the separate models are as follow:
Model (I): 1.34*ARIMA(1,1,1)-1.23*ARIMA(1,1,0)+0.51*ARIMA(0,1,1)+0.38*GARCH(var)
Model (II): 1.57*ARIMA(1,1,1)-1.06*ARIMA(1,1,0)+0.57*ARIMA(0,1,1)-0.08*GARCH(std)
Model (III): 1.65*ARIMA(1,1,1)-1.05*ARIMA(1,1,0)+0.58*ARIMA(0,1,1)-0.18*GARCH((log(var))

Table 43: Performance of the combination of ARIMA models and GARCH(var), GARCH(std), and
GARCH(log(var)) respectively by assigning different weights using regression analysis.
Model

MSE

(I)

684849

(II)

685035

(III)

685122

These results showed that all the combinations produced better forecasting accuracy when these
models are compared with the best single forecasting method in this study which is ARIMA(1,1,1).

Model (I) produced the better forecasting accuracy than the all other combined methods till this stage.
Quantitative methods are used in these combined models. Qualitative forecasting techniques are also
going to be used in this study. The opinions and judgment of the analysts are basis of the qualitative
forecasting methods.
The behavior of the index shows that the shocks tend to continue that is when there is an increase it is
followed by another increase and when there is a decrease it is followed by another decrease.
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Model (I): 1.34*ARIMA(1,1,1)-1.23*ARIMA(1,1,0)+0.51*ARIMA(0,1,1)+0.38*GARCH(var) is the
combined model which produced the least MSE as 684849 in this study till this stage. Since the shocks
in the ISE100 tend to continue the amount of the previous day’s shock is added to the model. 0.5, 1.0,
and 1.5 percent of the shock is added to the model. The results are reported in the following table by
using MSE.

Table 44: MSE after shock of the previous day
Percentage of the previous day’s shock added to the model

MSE

0.5

684797

1.0

684779

1.5

684796

These results show that adding the shocks to the model increased the forecast accuracy. Adding 1.0%
of the previous day shock produced the better result.

3.10 Probability of Forecasting Stock Index Movement Direction

Forecasting models were applied to make forecast the daily change in stock index. After that their
performance is going to be evaluated by using ME, MSE, MAE, and MAPE. Forecasting stock index
movement direction is also included in this study. The selected models are used to forecast the
direction and the results are reported in table below.
Table 45: Probability of forecasting stock index movement direction
Model

Probability

ARIMA(1,1,1)

51.4%

ARIMA(1,1,0)

51.1%
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ARIMA(0,1,1)

51.1%

GARCH(1,1)

51.1%

EGARCH(1,1)

51.5%

GARCH-std(1,1)

51.0%

GARCH-var(1,1)

51.1%

GARCH-log(var)(1,1)

51.0%

NAÏVE

51.1%

The results showed that there is no significant difference among the models with respect their
performance of forecasting stock index movement direction. The results also indicated that the models
are not successful for forecasting direction since the chance of randomly guessing direction is 50%.
The

model

that

produced

the

least

MSE

is

reported

as

1.34*ARIMA(1,1,1)-

1.23*ARIMA(1,1,0)+0.51*ARIMA(0,1,1)+0.38*GARCH(var)+0.01*(previous day’s shock) in this
study. Probability of forecasting stock index movement direction of this model is calculated and it is
found as 51%. This result shows that although combining forecasting produces gains in forecasting
accuracy of the index, it fails in gaining accuracy in direction of the index movement like all other
individual forecasting methods.
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CONCLUSION

The study has developed the combining method of forecasting. The method was used to form
combining method for forecasting the daily Istanbul Stock Exchange National 100 index. Research was
based on setting out to investigate performance of the combining method and comparing with separate
models. The number of companies traded in ISE was 40 at that time and daily trading volume was 50
thousand USD. According to the 2011 year-end data, there were 359 companies and the total traded
value in the ISE was around 424 billion in USD terms (ISE's View and Vision for the Future, 2012).
SPK (Capital Markets Board in Turkey) plans to prepare joint projects in order to increase the
economic value of 500 billion USD. Therefore the improvements in the forecasting accuracy are very
important for the investors, managers, and financial analysts. The reasons and motivation for applying
combining forecasting method were ambiguity of the existence of the best single method and
difficulties of selecting one best model in advance. The practical and theoretical literature on the
subject of combining method that is applied to Istanbul Stock Exchange is insufficient. The study
investigated to answer these questions:
1. Does the combination of different forecasting models produce a better forecasting performance than
the single forecasting methods for ISE 100?
2. How should be the separate models combined?

Empirical Findings

The empirical findings are summarized within the empirical results chapter to answer the study’s
research questions.
The beginning stage of the empirical results obtained from the quantitative methods. Quantitative
methods are divided into groups as associative (causal) models and time series models. Causal models
were not used to make forecast in the study. The reasons were stated in the chapter of empirical results
as follow:
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First of all, there were many factors that affecting the index value of ISE (Haznedaroglu and Tas,
2010). The huge number of factors made the causal models unsuitable for forecasting. Secondly, the
direction of the impact of the factors to the ISE100 index could be changed over time. For example, it
was shown that USD/TL currency rate affected the index value of ISE in different ways when two
different time intervals were taken. Because of these reasons time series models were used and the
associative models were not used in the study. Smoothing techniques, Box-Jenkins method, and
ARCH-types forecasting models were analyzed. After that eight different time series models and Naïve
model were chosen to perform to make forecast ISE100 index. ME was used to report whether errors
tended to be disproportionally positive or negative. As it was seen in the Empirical Results Chapter,
MAE and MAPE of the individual forecasting methods and the models that formed by the combination
of the individual methods were very close to each other. Since MSE is more sensitive to changes in
errors, MSE is used to compare the forecasts performance of the individual forecasting methods and
combining forecasting methods in the final stage of the research. The forecast accuracy was calculated
by using MSE and according to MSE the following ranking was recorded. MSE is commonly used to
measure forecasting performance and to compare the skills of different forecasting methods (Stewart,
1994).

Table 46: The ranking of the forecasting models by using MSE

Model Name
ARIMA(1,1,1)
ARIMA(0,1,1)
ARIMA(1,1,0)
GARCH(1,1)
EGARCH(1,1)
NAÏVE
GARCH(var)(1,1)
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GARCH(std)(1,1)
GARCH(log(var))(1,1)

The best model ARIMA(1,1,1) was reported and its MSE was calculated as 685324 for the adjusted
data set of ISE100 in the study. In the next stage different combinations were formed and their forecast
accuracies were evaluated. Combinations of the models with containing 2, 3, 4, 5, 6, 7, 8 and 9 models
were formed.
The number of the combinations that formed from single forecasting method was more than five
hundred. MSE of these models were calculated and reported to compare their forecast accuracies. The
findings from empirical results can be summarized as follow:
As the number of the models in the combination increased the percentage of the chance of getting a
better forecast than the best single forecasting method which was ARIMA(1,1,1).
The linear relationship was reported between the number of models that combined in the combinations
and the chance of having better forecasts than ARIMA(1,1,1). Another analysis performed to
understand the possible relationship between the best results in the models and the number of models
that combined in the combinations. The results showed that combination of three models had the
smallest MSE. Combination of four, two, and five models ordered as having the least amount of MSE
after combination of three models respectively. There was no linear relationship between the number
of models that combined in the combinations and the best forecast accuracy in the models.
There was a plenty of literature about forecasting by combining however the number of models in the
combinations were not analyzed in the most of the studies. Armstrong (2001) suggested using five or
more single forecasting methods for combining in the combinations to improve forecasting accuracy in
his article. He stated also adding more and more methods might result in diminishing rates of
improvement.
The examination of the relationship between the number of models in the combination and the
improvement of forecasting accuracy differs according to direction of the analysis.
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Figure 33: Number of models in the combination and MSE
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If getting the higher chance of the better forecasting than the best single forecasting models among the
individual methods was aimed, adding more models increased the possibility. However if getting the
best forecasting accuracy from the different combinations was aimed, the study showed there was no
relationship between the number of models in the combinations and best forecasting results with
respect to the MSE.
The superiority of the ARIMA models was observed in the empirical results. The forecasting
performance evaluation tests showed that in all combinations two of three ARIMA models were
included.

Table 47: The models that produced the least MSE
Number of models in the combination

Combination that produced the least MSE

2

ARIMA(1,1,1), ARIMA(0,1,1)

3

ARIMA(1,1,1), ARIMA(0,1,1), and GRACH(log(var))

4

ARIMA(1,1,1), ARIMA(0,1,1), EGARCH(1,1), and
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GRACH(log(var))
5

ARIMA(1,1,1), ARIMA(0,1,1), ARIMA(1,1,0),
EGARCH(1,1), and GARCH(log(var))

6

ARIMA(1,1,1), ARIMA(0,1,1), ARIMA(1,1,0),
GARCH(1,1), EGARCH(1,1), and GARCH(log(var))

7

ARIMA(1,1,1), ARIMA(0,1,1), ARIMA(1,1,0),
GARCH(1,1), EGARCH(1,1), GARCH(std), and
GARCH(log(var))

8

ARIMA(1,1,1), ARIMA(0,1,1), ARIMA(1,1,0), Naïve,
GARCH(1,1), EGARCH(1,1), GARCH(std), and
GARCH(log(var))

ARIMA models were chosen to combine in the other stage of the research. These models were
combined by finding their simple mean and by assigning different weights which were calculated by
regression to the models. It was found that the combining ARIMA models in both ways produced less
error than the best single forecasting method. It was also found that the combining by assigning
different weights had better forecasting accuracy than the combining by simple mean.
Table 48: Comparison of the combining ARIMA models with simple mean and different weights
Combination method

MSE

Simple mean

685057

Regression

684946

Combining forecasting method increased the accuracy of forecasting. This conclusion was supported
by literature review in this field. Literature review consists of many empirical studies that support this
hypothesis. This study also showed this general assumption by empirical results. However literature
review consists of only the studies that formed by combining forecasting using only quantitative
methods or only qualitative methods. The judgment and opinion of the analyst were added to the
process of forecasting by combining in this study. Therefore combining by only quantitative methods
and combining by quantitative methods together with qualitative methods were used to make forecast
in this study. These empirical results were analyzed and examined. The opinion and judgment of the
analyst were based on the facts which were reached by empirical results.
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Figure 34: The process of combination
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The superiority of the ARIMA models was observed and it was seen that at least two ARIMA models
were part of the best combined models that produced the least MSE. It was also observed that ARIMA
models produced over-forecast and GARCH type models produced under-forecast. Eight best
combined models were listed above and GARCH(log(var)) was in the six best combined models.
Another observation is about the behavior of the index. The behavior of the index showed that the
shocks tended to continue. It was observed that an increase was followed by another increase and a
decrease was followed by another decrease. Approximately 30 different combinations were formed
that contained ARIMA models and GARCH(log(var)). These models were combined by taking their
simple and by assigning different weights.
Weights of the models were calculated by regression analysis. 0.5%, 1.0%, and 1.5% of the previous
day’s shock was added to the combination that produced the least error. The forecasting accuracy was
calculated

by

each

combined

model.

1.34*ARIMA(1,1,1)-

1.23*ARIMA(1,1,0)+0.51*ARIMA(0,1,1)+0.38*GARCH(var) is the best combined model with the
MSE as 684849 in this study. 0.5, 1.0, and 1.5 percent of the shock is added to the model. The results
are reported in the following table by using MSE.

Table 49: MSE after adding the shock of the previous day
Percentage of the shock added to the model

MSE

0.5

684797

1.0

684779

1.5

684796

ME

MAPE

MAE

-3.6

0.01

623.08

The model that formed by adding the 1.0% of the previous day’s shock produced the less forecasting
error and it was achieved the least forecasting error by this model. Combining forecasting model that
formed by using quantitative methods produced better result than individual forecasting models and by
using opinion and judgment that are qualitative methods together with quantitative methods in the
combination process the forecasting accuracy was improved.
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Theoretical implication
The theoretical approaches for combining forecasting should be revisited for further understanding
how the forecast accuracy can be substantially improved by combining the multiple separate
forecasting methods. The theoretical framework of combining forecasting method implicitly assumes
that different forecasting methods may capture different aspects of the information of the series.
Therefore combination of the individual forecasting methods may produce better forecasting accuracy
than the separate forecasting models. Armstrong (2001) suggested using at least five forecasting
methods when possible. He indicated that Makridakis and Winkler (1983) achieved the least error
when they combined five methods. He also stated that adding more methods leaded to reduction in
forecast accuracy. It is however noted that from this study that such a relationship between number of
forecasting methods and forecasting accuracy depends on parameters that are compared. This
relationship is consistent when the chance of getting less forecasting accuracy than the best individual
best forecasting method and the number of forecasting methods are compared. However the study
showed that this pattern contradicted that of Makridakis and Winkler (1983). This study showed that
achieving the best forecasting accuracy and better forecasting accuracy than the best individual
forecasting method had different relationships with the number of the models that combined. Therefore
theoretical approaches should diversify for constructing the theory of combining forecasting method.

Recommendation for future research
This study like many others demonstrated that combining forecasting method produced gains in
accuracy. However statistical analyses were performed to define the conditions under which combining
method produces more accurate results and how methods should be combined for desired results in this
study. The theory to explain the success of the combining forecasting method is stated implicitly that
different individual forecasting methods use different sets of assumptions and information, and each
individual forecasting method contains some incomplete parts of the sets of information about the
behavior of the series, and assembling these methods contributes the completing the missing parts of
the sets of information. Armstrong (1989) suggested using the methods that differ substantially from
one another with respect to the data used and he suggested (2001) using at least five different
individual forecasting methods, Makridakis and Winkler (1983) achieved the best forecasting accuracy
by combining five methods. However combining different methods that are completely different type
of forecasting methods failed in producing gains in accuracy in this study, furthermore combining four
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methods with adding judgmental forecast produced the best forecasting accuracy. These contradictions
and differences not only in this study but also among the empirical studies indicate that case studies
should be considered individually and the theory of combining forecasting method should be
constructed for each case since the individual forecasting methods’ incomplete information in datasets
differ in the forecasted the series. Therefore there is need for more case studies for establishing theory
of combining forecasting. Exploring the theory of the success of the combining forecasting in gaining
forecasting accuracy will help the forming the best combination.

Limitation of the study
The study has offered an important perspective on improving the forecasting accuracy through the
combining forecasting method, and was conducted in a theoretical approach in the field through
evidence base study.
However the study encountered a number of limitations that need to be considered. Combining
forecasting method failed to gain accuracy in forecasting index movement direction. The forecast
accuracy was not affected by the combining method. Furthermore the study did not state an explicit
theory to explain why the combining forecasting method did not work to gain forecasting accuracy in
the forecasting of index movement direction.

Summary
A successful forecasting of stock market could yield a significant profit. A better forecasting accuracy
can limit the risks and it can prevent investors from unpredictable future price changes. Traded value in
Istanbul Stock Exchange per year is around 300 billion US dollar in the last years therefore studies on
gaining forecast accuracy are very important for investors and analysts. The contribution of combining
forecasting method for better forecasting accuracy has been shown by concrete empirical results in this
study. Combining quantitative methods has decreased the forecast error however the best forecast
accuracy has been achieved by involving judgmental forecast in the process of combination. Forecast
accuracy for forecasting Istanbul Stock Exchange National 100 index has been gained by using
combining forecasting method that formed by applying mixed methods.
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