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This paper examines how determinants of volatility and stock returns
change with financial crisis. The contributions of the paper are twofold. First,
using a GARCH-M framework, risk and return are jointly modeled by using
macroeconomic variables both in the variance and the mean equations. The
conditional variance equation is specified by including macro-economic
variables, a relevant information set for emerging economies, that is often
overlooked in various GARCH specifications. Second, determinants of risk and
return areinvestigated before during and after amajor financial crisisat ISE. We
show that, both the determinants of risk and the risk-return relationship change
as the economy switches from one regime to the other (JEL: G1,G2,C5).
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[. Introduction

Engle (1993, p. 72) states that "...financial market volatility is
predictable, [and] thisobservation hasimportant policy implicationsfor
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asset pricing and portfolio management." Clearly, assuming that
investors generally are risk-averse, asset prices should respond to
forecastsof volatility. Predictingrisk, however, remainsdifficult since
economists disagree on the major sources of risk. The Capital Asset
Pricing Model (CAPM) of Sharpe (1964) and Lintner (1965) use the
market return, and traditional Arbitrage Pricing Theory (APT) models
such as Ross (1976) gives way to employ any other variables as the
theoretical source of risk. Macroeconomic variables constitute an
important set of information in several specifications of APT models.
M acro-economic fluctuations are model ed assuming that they influence
stock pricesthrough their effect on future cash flowsand ratesused in
discounting them.

Inthese models, volatility and related risk premiums are expressed
in terms of asset covariances with the implied source of risk. Thefact
that assets with high expected risk must offer higher rates of return
indicatesthat increasesin the conditional variance should beassociated
withincreasesintheconditional mean. Inthiscontext, the Generalized
Autoregressive Conditional Heteroscedastic in Means (GARCH-M)
model providesaconvenientinstrument toincorporatetime-varying risk
premia as the specification of the mean in the stock return equation.
GARCH-M isatime series process, which explicitly incorporatesthe
risk-return relationship and thetime-varying risk premium. Changesin
determinants of risk, and the risk-return relationship are important in
deciding on the appropriate cost of capital in international asset
allocation.

In this paper, we examine the determinants of risk as well as the
relationship betweenrisk and return by using different specificationsof
GARCH-M model sasthe economy progressesthrough diverse stages.
In this work we use macro-economic variables in the conditional
variance equation. Previous studies have used various variables in
modeling asset returns, but macro-economic variables have not been
used to model conditional volatilities in an emerging market setting.
Analysisof changesinthedeterminantsof volatility and asset returnsat
variousstagesof afinancia crisisinanemerging economy givesinsights
about abetter understanding of theworldwidecrisistriggered by crisis
in emerging economies.

1. Review of Literature

Thelevel of real economic activity isexpected to have apositive effect
on future cash flows and thus affect stock pricesin the direction cash
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flowsareaffected. Studiesinvestigating the effect of macro-economic
variables mainly employ conventional time-series models in their
analysis. Arbitrage Pricing Theory (Ross, 1976) does not specify the
individual economic variables as risk factors and leaves this issue to
empirical researchers. Empirical work providesevidencefor anumber
of macro-economic variables some of which we discuss below.

Geske and Roll (1983) argue that exchange rates influence stock
prices through the terms of trade effect. Depreciation of domestic
currency isexpected toincreasevolumeof exports. Aslongasdemand
for exportsiselastic, this, inturn, will increase cash flows of domestic
companies and thus stock prices. Share prices of companies with a
higher foreign exchange rate exposure react more strongly to
deval uation than those with lower level s of exposure (Pettinen, 2000).
Malliaropul os(1998) supportstheseresultsby presenting apronounced
effect in relative performance of international equity portfolios. In
countrieswherethecurrency appreciatesinreal termsagainst thedollar,
the stock marketsoutperformthe US stock market. Ajayi and Mougoue
(1996) on the other hand, report international evidence about the
feedback relation between stock markets and foreign exchange rates
and show that currency depreciation has negative effects on the stock
market both in the long run and the short run. They argue that
inflationary effects of domestic currency depreciation may exert a
moderating influenceintheshort run and unfavorabl eeffectsonimports
and asset prices will induce bearish trends in the long run.

Although therelationship betweeninflation and stock pricesishighly
controversial, empirical studies mainly document a negative relation
(Fama and Schwert, 1977). An increase in inflation is expected to
increasenominal discount rates. If contractsarenominal and cashflows
cannot increaseimmediately, the effect of ahigher rate used to discount
cashflowswill be negativeon stock prices. If high frequency datasuch
asdaily dataisuseditisnot possibleto useactual inflationrates. Inthis
case several measures of money supply can be used as proxies. Note
herethat the effect of increasesin nominal interest rateswill be negative
on stock returns in this argument.

Whileconventional timeseriesmodel soperate under theassumption
of constant variance, the GARCH-M process allows the conditional
variance to change over time as a function of past errors and of the
lagged val ues of the conditional variance; still theunconditiona variance
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remainsconstant (Bollersev, 1986). M easuring conditional variancehas
been found to beuseful in modeling several economic phenomenasuch
asinflation, interest rates(Engle, Lilien and Robins, 1987), andforeign
exchange markets (Kendall and McDonald, 1989). In more recent
studiesresearchershavefound GARCH (1,1)-M an appropriate model
for financial data as well.! For example, using a GARCH(1,1)-M
formulation in the implementation of a CAPM model for a market
portfolio consisting of stocks, bonds and hills, Bollerlsev, Engle and
Wooldridge (1988) report a significant trade-off among these asset
categories. Furthermore, in a univariate framework, Glosten,
Jagannathan and Runkle (1993) show that thesign of the Autoregressive
Conditional Heteroscedasticin Means(ARCH-M) model’ scoefficients
are sensitive to the instruments which are added to the mean and
variance equationsof themodel. Attanasio and Wadhwani (1989) find
that predictability of stock returns can be explained by arisk measure
using ARCH, whileother explanatory variablessuch aslagged nominal
interest rates and inflation rates remain significant in explaining the
movement of expected returns in addition to their own conditional
variance.

GARCH-M modeling hasbeen used, with mixed results, in several
USand UK studiesto examinetherelationship betweenrisk andreturn.
French, Schwert and Stambaugh (1987) found evidence that expected
market risk premiumispositively related to the predictablevolatility of
stock returnsin the US market, while Baillie and De Gennaro (1990),
who studied similar data, found this relation weak. In the UK market,
Poon and Taylor (1992) also reported that estimates of risk using the
relevant GARCH-M parameter are not statistically significant.

Because of these mixed results, the literature contains extensive
analysisof theempirical relationship betweenrisk and returninmature
markets, with scholars generally preferring one of two competing
hypotheses to explain market behavior. After the 1987 crash, some
researchers hypothesized a negative relation between unexpected
returns and unexpected volatility, based on the assumption that when
returns are lower than average, speculative activity is induced and
market volatility increases (Poon and Taylor, 1992). The competing
hypothesi ssuggestsapositiverelationship between expected returnsand

1. SeeBollerslev, Chou and Kroner (1992) for a detailed review of literature.
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expected volatility, assuming that equity risk premiums provide
compensation for risk when volatility increases.

Modelingrisk and empirical testsof therel ationship betweenrisk and
return are particularly important in emerging markets® wherevolatility
isinherently highand changing over time. Cross-sectional modelsshow
that lower volatilities are observed in more open economies and
countriesthat went through capital market liberalization (Bekaert and
Harvey, 1997). However, in studies of the forces that determine
volatility, macroeconomic variables, animportant information set for the
emerging markets of the developing economies, are not given due
attention.

Especially, followingthe 1998 Asan Financia Crisis, theneed arises
to understand the emerging markets better. Kaminsky and Reinhart
(2000) rigoroudly show that the crisisin emerging markets can be spread
into therest of theworld, through trade and financial sector linksaswe
are moving towards a more globa economy. Still, the conditions that
may lead to a crisis in an emerging economy can be unigue to that
economy and naturally different from thosein devel oped countries. In
most cases, emerging markets are not informationally efficient, and
specul ative activity iscommon dueto thintrading (Muradoglu, 2000) and
informational asymmetries(Balaban and Kunter, 1997). Also, thethinly
traded stock markets of these controlled economies may go through
crisisperiodsinduced by fiscal and monetary changes. Since, inthese
markets, volume of trade is relatively low and publicly available
information on company performancesislimited, stock returnsareal so
relatively more sensitive to economic policy actions (Muradoglu and
Metin, 1996; Balaban, Candemir and Kunter, 1997).

Tohelpfill inthegapinthefinanceliteratureabout crisisin emerging
economies, this paper investigates a financial crisis in an emerging
economy. Inmany respectsthe 1994 financial crisisin Turkey devel oped
similar to the 1997 crisis in Korea,® but the consequences were not
global. Thedefinition of financial crisisalwaysincludesincreasesinrisks
and changes in risk-return relationships. The question of whether

2. See for example Errunza et al., 1994; Harvey, 1995; and Bekaert and Harvey,
1997.

3. See Im and Kim (1998) for an overview of the conditions that led to the 1997
financial crisis South Korea.
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volatility and the economic factors that might affect volatility differ
during changing economic conditionsisanimportantissue. Changesin
determinantsof risk aswell astherelationship between risk and return
are important in determining the appropriate cost of capital and in
evaluatingforeigndirect investmentsin emerging economiesaswell as
international asset allocation decisions.

In this paper, we examine the determinants of risk as well as the
relationship between risk and return before, during and after amajor
financial crisisin 1994 at thel stanbul Stock Exchange (1SE). Different
specificationsof GARCH-M modelsare employed. Resultsshow that
(2) risk, (2) asset returns and (3) risk-return relationships are affected
by macroeconomic outcomes differently as the economy progresses
through diverse stages.

Thecontributionsof thisstudy aretwofold. First, to our knowledge,
this is a leading work that uses macro-economic variables in the
conditional variance equation. Asset returns and related conditional
volatilitiesaremodeled usngaGARCH-M framework. Previousstudies
have used various variables in modeling asset returns, but macro-
economic variableshavenot been used to model conditional volatilities
inan emerging market setting. Second, investigation of changesinthe
determinantsof volatility and asset returnsdueto afinancial crisisinan
emerging economy will givevaluableinsightsto thosewhowouldliketo
understand the 1998 world crisis better.

Our study employed thefollowing procedure. Wefirst verifiedthe
bef ore-during-after crisis periodsby determining the possiblechangesin
the estimated coefficients of atime series representation of the stock
market. Next, we determined the order of the autoregressive process
for each sub-period. Then we modeled risk by using the conditional
variance specification and tested for the effect of risk on stock returns
during each sub-period. In this process, we examined the possible
macroeconomic determinants of risk in the stock market as well as
testing for their conceivable effects on stock returns.

Accordingly the paper isorganized asfollows. After presenting a
brief description of the Turkish stock market in Section 3, weoutlinethe
definitions and time series properties of the datain Section 4. Section
5 presentsthe methodol ogy used andisfollowed by sections6and 7, the
analysisof empirical resultsandrelated discussions. Finally, Section 8
provides conclusions.
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[11. The Turkish Stock Market

With theimplementation of an|M F-supported stabilization programin
1980, the Turkish economy switched from an inward-looking
development strategy to an outward-oriented one. The major
components of the program included financial liberalization and the
integration of financial markets. Asanimmediate result, in 1986 the
I stanbul Securities Exchange (1SE) opened with 42 listed companies. In
1989, the Turkish financial system wasfurther liberalized and foreign
investors were permitted to hold stock portfolios a ISE. Since
November 1994 all stocks, which totaled morethan 250 by 1997, have
been traded by acomputer-assisted system. Daily trading volume has
exceeded $150 million. Intrading volume, | SE hasbecometheeighth
largest of thetwenty-two European stock exchanges, surpassingMadrid,
Copenhagen, Oslo, Brussels and Vienna. Similar to other emerging
markets, | SE’ sreturn volatilitieshave been highthroughout itshistory.
Thel SE compositeindex measuredin USdollarshasincreased by six-
hundred percent sinceitsestablishment. Thisincreasehasbeenrealized
including annual increases up to 350%, followed by corrections
amounting to 70% (Muradoglu, 2000).

Initsseventy-sevenyear history, the Turkish Republic haswitnessed
six major economic bottlenecksafter World War 11 (Metin, 1995). The
first fivebottlenecks, in 1946, 1958, 1970, 1979-1980 and 1984, resulted
frombalance of payment difficulties, theinherited public sector deficit,
and highinflation. The1994 crisisisthefirst major economiccrisisthat
| SE has withessed since its establishment in 1986.

Knowing the context in which the 1994 crisis developed will help
readersunderstand the particular pressures| SE faced. The 1994 crisis
first appeared inthefinancial markets and spread to thereal part of the
economy immediately. The ever-increasing public sector deficitsand
public debt mismanagement (Ozatay, 1996) seem to bethemain causes
of the1994 crisis. Indeed, beforethe crisisperiod, at the end of 1993,
thePublic Sector Borrowing Requirement (PSBR) had reached itszenith
point with 13 percent of the GDP, and the stock of domestic debt was
realized as 20 percent of the GDP with an average maturity of 11
months. The Central Bank initially had had a mixed monetary policy.
However, to reduce interest rates and extend the maturity structure,
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Central Bank policy had shifted to targeting interest rates by offering
lessthan equilibriuminterest ratesand had simultaneoudly introduced an
income tax on the holders of t-bills. As Ozatay (1996) remarks, ‘ The
reply of the private sector was not to purchase new government
securities. Hence a funding crisis started: there was arush to foreign
currency, andthe USdollar appreciated almost by 70%inthefirst three
monthsof 1994. The Central Bank intervened bothinthe money market
and foreign exchange market’. (Ozatay, 1996; p. 22)

Asaresult theinternational reserves of the central bank decreased
from 7.2 billion USD to 3 hillion USD, despite the 70% changein the
priceof theUSdollarintermsof Turkishlirainthreemonthsand record
high levels of interbank rates with daily jumps up to 700%. The
government wasabletofinancethedeficit through domestic borrowing
with three-month maturity and 400% compound annual interest. The
PSBRfell to 8 percent of GDP andinflation stabilized arounditsinitial
path of 76 percentin1995. However, aninflationary stimuluspersisted.
Real income declined by more than 5 percent over the year, with
inflation increasing substantially to 132 percent per annum and the
number of unemployed increasing by at least 600,000 (Boratav, Turel
and Y eldan, 1996).

V. Propertiesof Data

We examined therel ationshi psbetween macroeconomic variablesand
risk-return relationships by using a GARCH-M model. We aso used
GARCH models to obtain the appropriate conditional variances
determined by macroeconomic policy variables as well as their own
histories. Stock returns are represented by the logarithmic first
difference of the ISE Composite Index. The set of macroeconomic
variablesconsistsof currency incirculation (M), foreign exchangerates
of the US dollar (D), and overnight interest rates (1). In view of the
theoretical concerns discussed in the literature survey section, we
required the selected variables to fit three criteria. These are i)
compliancewith the variablesused in general asset pricing models, ii)
availability of daily observationsof variable, and i) high frequency of
variable' s use in the financial media, which makes data collection
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inexpensive for investors (Mishkin, 1982).

Thesampleperiod, January 1988 - April 1995, consistsof 1,831 daily
observations for each series. The data set is divided into three sub-
periods. before, during and after the crisis. The before-crisis period
contains 1488 daily observationsfrom January 1988 to December 23,
1993. Thecrisisperiod contains 151 daily observationsfrom December
23,1993 to July 29, 1994. The after-crisis period that covers 191 daily
observations is characterized by severe output contraction.

Wehave used alternative methodsfor partitioning the datainto sub-
periods. Weemployed the Andrews (1993) test for the determination of
possible break points.* The Andrews test suggested that there is no
break point at the conventional 5% level of significance.® Then we
pursued other avenues.

Accordingto Ozatay (1996) themagjor financial crisisthat hit Turkey
culminates between December 1993 and May 1994. Wechoosethelast
businessday before Christmas, 23 December 1993 asthe cut-off point
tostart thecrisisperiod. We ended thecrisisperiod 3 monthsafter April
to have a symmetric coverage. We used the Chow test to check
parameter constancy between the break dates rather than the
identification of the break points. We performed the Theodossiou,
Kahyaand Christofi (1997) test to seeif thereisany structural change
for above specified dates in return and volatility equations. All three
variablesandtheir interactivedummiesare added into the specifications
along with a constant as well as the intercept dummies. We failed to
reject thenull that thereisno structural changein boththereturnandthe
volatility specifications across the three periods at the margin.®

In contrast to Assoe(1998) who considers a Markow regime
switching model, we pre-specified the regime switching dates on
theoretical grounds and the beginning and the end of the crisis period

4. We would like to thank two anonymous referees for suggesting the Andrews (1993)
test.

5. We implemented the Andrews (1993) Sup F test to full sample with lag length two.
An exact distribution of the Andrews test and therefore critical values for a finite sample
of the Andrews test is unknown. Therefore, we applied the bootstrap. Sample size of our
Monte Carlo experiment is 1000. We found the p value of the test statistics to be .076.

6. Thetest statistic was 25.63 and was significant at the 5.95% level.
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weredetermined by testing for astructural changeinthe coefficientsof
the related time series regressions using the Chow test (1960).’

Daily valuesof thel SE compositeindex werecollected from I stanbul
SecuritiesExchange publications. Tocomputethestock returns, R, we
use the following formula:

R=InR-Ink,, (D

where P, is the value of the ISE composite index for day t. Interest
rates, I,, are represented by the overnight interbank rate, the only rate
both available on a daily basis and frequently used by the financia
media. Sinceinterest rateseriesisstationary inlevels, wedonot takeits
differences. Foreign exchange rates are represented by the change in
the price of USdollar intermsof domestic currency (Turkishlira), D,,
and are computed as

D, =InUSD, ~InUSD,, , ©

whereUSD, isthe Turkishliravalueof oneUSdollar at thefreemarket
for day t. Thefinancial mediaalso frequently usesthevalue of theUS
dollar asaproxy for political instability not induced by economic policy
actions. Finally, thegrowth rateof money stock, M,, isused to proxy for
thegovernment’'seconomic policy actionsthat will effect futureinflation.
Thenarrow definition of money (currency incirculation) thatisavailable
on a daily basis at The Central Bank weekly Bulletins is the most
appropriate variable representing government’s monetary policy.

M,=InM, -InM . (3)

Table 1 provides summary statistics for our main variables. The
analysisis conducted for the three sub-periods that correspond to the

7. We used the Chow-test (1960) to test our a-priori decision about the pre-crisis, crisis
and post-crisis periods. The specification we used is an AR (2) that employs two Dummy
variables that take the value 1 if the period is pre-crisis and crisis respectively and zero
otherwise.
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TABLE 1. Descriptive Statistics

Period 1 Period 2 Period 3
Stock ReturnsR,  Mean .002 .001 .004
Standard Error .003 .044 .023
Skewness .039 -130 —1.119**
Kurtosis 4.384** 2.356** 5.998**
Autocorréelation 104.59** 28.739* 12.705
Normality 119.212** 3.032* 111.434**
Interest Rates I, Mean 58.653 171.661 74.791
Standard Error 16.456 143.591 27.698
Skewness 531 1.296* .999
Kurtosis 8.501** 4.328** 5.094**
Autocorrelation 8131.4** 618.54** 181.16**
Normality 1947.481** 53.406** 66.313**
TL per USD D, Mean .01 .005 .002
Standard Error .006 .04 .01
Skewness —7.499** 4.547%* -078
Kurtosis 158.582** 35.577** 49,754**
Autocorrelation 30.552* 36.621* 25.099
Normality 15147.02** 7197.336** 17305.76**
Currency M, Mean .001 —-001 .002
Standard Error 1.237 1.769 .023
Skewness -122 -.237 1.342*
Kurtosis 347 -1.458 3.102**
Autocorrelation 5783.0** 872.3* 69.93*
Normality 6.75* 38.214** 43.704**

Note: For Skewness and Kurtosis coefficients, test results together with the p-values are
obtained from the standard normal distribution. Autocorrelations up to 12 lags is tested by
Ljung-Box-Q (1978) statistics distributed Chi squared with 12 degrees of freedom. Normality
is tested by the Jarque-Bera (1980) test for normality, and p-values are obtained from the
Chi-squared distribution with 2 degrees of freedom. * denotes 5% significance level and **
denotes 1% significance level.

times before, during and after the crisis. Thefirst column reports the
name of the variable, and the second column reports the test statistics
including the mean, standard error, skewness, kurtosis, and resultsfor
theLjungand Box (1978) test for autocorrel ationsand the Jarque-Bera
(1980) test for normality. The last three columns report the
corresponding statisticsfor each period. Skewness coefficients show
that, except for the third sub-period, stock returns (R, are not skewed,;
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except for the second sub-period, interest rates series (l,) are not
skewed. A changeinthepriceof theUSdollar intermsof Turkishlira
of the US dollar (D,), is skewed except for the third sub-period, and
growth rate of money (M,), is not skewed. As expected in most
financial series, kurtosiscoefficientsindicatethat timeseriesdistributions
of the variables are leptocurtic.

Resultsfor the Ljung and Box (1978) test and for the Jarque-Bera
(1980) test follow. First, Ljungand Box (1978) autocorrel ation statistics
up to 12 lags indicate that autocorrelation exists for the stock returns
series(R) for first two sub-periods (beforeand during thecrisis) but not
for the post-crisis third sub-period. Similar results, interpreted as
indicating improved market efficiency through time, have been obtained
inother studiestesting for theweak form efficiency of | SE (Muradoglu
andUnal, 1994). Possibly becausethe Central Bank’simplicittargeting
of the interest rates as a major ingredient of the mixed targeting
monetary policy, interest rate series(l,) have autocorrelationin all sub-
periods. Except for thethird sub-period (after-crisis), autocorrel ations
are detected for the change in the price of the US dollar in terms of
Turkish lira of foreign exchange rates (D,). Finally, autocorrelation is
observedinthegrowth rate of money for al periods. Moving now to the
Jarque-Bera(1980) normality tests, resultsconsistently indicatethat the
null hypothesis of normality isrejected for all of the variablesthat we
consider for the three sub-periods.

V. Methodology

Thissectionintroducesthe econometric model sthat we used. Empirical
evidence is discussed in the next section. First, we introduce the
GARCH-M model, and next, we extend the GARCH-M model where
both the conditional mean and the conditional variance equations
incorporate macroeconomic variables.

A. Modeling Return and Risk Using the Standard GARCH-M
Soecification

First, we define the behavior of stock returns as a function of their
conditional variance aswell astheir own lags. Therefore, the standard
GARCH (p,q)-M formulation can be used to explain the behavior of
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expected returns:
m 5
R=>» aR.,+) dd, +Ah +&, (4)

htz =B+ :81hx2—1 + ﬁZEtZ—l , %)

where R represents stock returns, d,, is for the daily dummies
(i=1,2,3,4,5) that account for the day of the week effect and h,, asthe
risk measure, isthe conditional standard deviation at timet and misthe
lag order of the autoregressive process. The squared lagged value of the
error term of equation 4 as well as the lag value of the conditional
varianceare used to explain thebehaviour of the conditional variancein
the egquation 5. In equation 4 A isthe market price of risk, and Zh,isthe
market risk premium for expected volatility. Assuming risk-averse
investors, 1 is expected to be positive. Also, ¢, has General Error
Distribution with mean zero and the variance K’ . h,, the conditional
standard deviation is used as a measure of volatility.® The conditional

varianceof theerror term, i , can beinfluenced from past valuesof the
error termsof stock returns, &7, , aswell asitsown past behavior, h?; .

B. Modeling Return and Risk Using a Macroeconomic Variables
Induced GARCH-M Specification

Equations 4 and 5 are modified to include the set of information on
macroeconomic variables (X)) as follows:®

R=2aR_i+gddi,t+Ah X, +E ©®)

8. French et.al. (1987) show that the best estimates of the power of h is 1. Baillie and
DeGannaro (1990) and Poon and Taylor (1992) also report that maximum log-likelihood
is essentially the same for h, and h?.

9. See, for example, French, Schwert, and Stambaugh (1987); Hamao, Masulis, and Ng
(1990) and Cheung and Ng (1996) for inclusion of macroeconomic variables. Our study
includes X; into both the mean and variance equations.
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he = By + B, + B&8 + 94X, (7)

where the information set is X,=[ D,, liy, OF M. 4]. D,, I, and M,
represent the change in the price of the US dollar in terms of Turkish
lira, interest rate and growth rate of money respectively. These
variables enter the return and volatility specifications one by one. R
representsstock returns, d, , isfor daily dummies(i=1,2,3,4,5) and h;is
the conditional standard deviation at time t. The macroeconomic
variables are included in both the mean and the variance equations.
This specification has impact on the estimated coefficients of the
macro-economicfactorsinthereturn equation. Hencewe overcomethe
possibility that the macroeconomic variablesincluded into thevariance
equation might proxy for the possibleinfluence of the variablesin the
mean equation. Equations 6 and 7 areestimated j ointly by including one
macroeconomic variableat atime. Themacro-economic variablesthat
we have used in this study arein fact highly related and co-integrated
(Muradogluand Metin, 1996). Since each variableentersthe equation
oneby one, weonly observetheindividual contribution of each variable
on the dependent variable of interest.’> An anonymous referee has
raised thetheoretical possibility of negative conditional variances. We
have estimated all specifications using EGARCH to ensure non-
negativity. Results not reported here do not change the overal
conclusions of the paper however significance levels detoriate
considerably.

V1. Analysisof Empirical Results

Inorder to account for theinstability of the parametersfor the estimates
concerning thewhol eresearch period, wedivided thesampleintothree
sub-periodsasdescribedinthe previous section of thispaper. Following
Pagan and Ullah (1988) wefirst estimated equations 4 and 5 and then
6 and 7 jointly for the periods before (Period 1), during (Period 2) and

10. We would like to thank an anonomous referee for raising the issue. We have
calculated the correlation coefficients between the macroeconomic variables and the
volatility measure. The results indicate that the possibility of multicollinearity is not a
severe one using Griffits, Hill and Judge (1993, p.435) as a benchmark.
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after the crisis (Period 3). Tables 2 and 3 report the estimates of the
GARCH (1,1)-M* specifications presented in equations4 and 5 aswel |
aseqguations 6 and 7 respectively for the three sub-periods. The order
of the autoregressive process for the return equation is determined by
the Schwartz (1978) criteria. The optimum lagsare four, two and four
for the first, second and the third sub periods respectively.

Table 2 reports the estimates of equations 4 and 5. The estimated
parametersfor the constant term, the coefficientsfor thelagged values
of thesquared residualsintheconditional variance equation and lagged
value of the conditional variance are positive. This satisfies the non-
negativity of theconditional variances(Bollersev, 1986). Thesum of the
coefficients for the lagged values of the sgquared residuals in the
conditional variance equation and lagged value of the conditional
variance is less than one. This satisfies the non-explosiveness of the
conditional variances (Bollersev, 1986). Those three parameters are
statistically significant for the period 1 and 2, and the first two
coefficients are not statistically significant for the third period.*2 The
estimated coefficient of thelagged conditional variancefor the second
sub sample and the estimated coefficient of the lagged values of the
squared residualswhen theinterest rateisused asexogenousvariables
arenegative. Evenif thisviolatesthe non-negativity condition boththese
coefficients are statistically insignificant. However, the sum of the
estimated coefficients of the lagged values of each squared residuals
and conditional variance is less than 1. This satisfies the non-
explosiveness of the variances. Scale parameter for the Generalized
Error Distribution (GED) is also reported in tables 2 and 3. The log
function value is the logarithmic likelihood of maximized GED value.

Four non-parametric Signand Size Biastestsnamely, TheSignBias
Test, The Positive, The Negative Sign Bias Testsand the Joint Test for
the three effects are also presented in the same tables. To calculate
these tests, normalized residuals (e) are obtained by dividing the

11. GARCH (1,2) and GARCH (2,1) specifications, not reported here, are aso
estimated. Schwartz (1978) criteria indicate that additional lags for the GARCH(1,1)
specification do not improve results. Bakir and Candemir (1997) also report GARCH(1,1)
as the appropriate specification for modeling ISE.

12. Thelevel of significanceis five percent unless mentioned otherwise.
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TABLE 2. GARCH-M Mode Estimatesfor Stock Returns

Period 1 Period 2 Period 3
o .258 .199 -.014
0 -.199 -.831
ay —-.098 -.105 .0534
-.001 -.319 -413
o .046 1174
-101 -.054
oy .035 .0542
-.169 -42
&, —.248 3.686 -.984
—242 0 -.358
5, =372 1.714 -.387
-.086 0 -719
d, -23 3.066 -.216
-.301 0 —.842
A —.493 3.043 -.332
-.026 —-.052 -.761
Js -.045 3.665 -.076
—.842 0 —.945
A 154 -773 418
—-.056 0 —-.396
Bo .626 4.302 .349
0 0 —AT77
A .655 456 .864
0 -.001 0
A .299 314 .068
0 -.001 -.343
” 1.505 1.472 1.099
-.072 -.02 -.139
Skewness -.007 -.142 -.983
Kurtosis 4.15 2 6.06
JB-Normality 104.943 6.665 103.076
Ljung-Box Q(12) 17.025 13.66 8.518
-.148 -.323 -.743
Q(18) 19.095 26.376 13.505
—-.386 -.092 -.761
Q(24) 22.323 27.87 15.149
—.559 —.266 -.916
Q(30) 29.82 32.027 22.803

—475 —.366 -.823
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TABLE 2. (Continued)

Q(36) 48.109 35.85 27.51
-.085 —-476 -.844
ARCH-LM (5) 2.162 5.332 2.654
-826 -379 -753
-10 8.161 7.551 7.238
-6131 -673 -703
-20 20.976 13.509 9.705
-399 —-855 -973
-30 24.424 25.177 13.556
-753 -716 —-996
—45 46.361 52.1 22.846
-416 -217 —-998
Sign bias -576 —.256 .034
Negative size .812 .789 .203
Positive size -1.7 —-624 195
Joint test 774 576 .047
Function Value —3438.57 -396.172 —401.58

Note: Results reported in table 2 are obtained from the joint estimation of equation 4 and
5. a—a, coefficients refer to the lagged values of return, §,—ds coefficients are for the day
of the week effects, | is the coefficient on the ARCH-in -mean term, f, is the constant in
the conditional variance equation, /3, is the coefficient of one period lagged conditional
variance, 3, is the coefficient of one period lagged squared residuals and finally # is the scale
parameter for the GED. The test statistics reported in Table 2 are the Jarque-Bera
normality test *(2) for normalized residuals, the Ljung-Box Q-test for serial correlation in
squared normalized residuals, ARCH-LM test of no AutoRegressive Conditional
Heteroskedastic (ARCH) versus ARCH in normalized residuals and finally sign and size bias
non-parametric test. (.) indicates the level of significancefor thetest statistics

residuals to the square root of the conditional variance. Then two
dummy variables are added as m(t) and p(t), such that, m(t)=1 if the
normalized residual isnegative, 0 otherwiseand p(t)=1if itispositive,
0 otherwise. Then two interactive dummy variables are defined as
sm(t)=p(t) x e(t) and sp(t)=p(t) x e(t). Then et) is regressed on
constant term, m, sm, sp and the equation isestimated. For signtest, we
test H,: m(t)=0, for the negative size testswe test H,: sm(t)=0, for the
positive sizetestswetest H,: sp(t)=0, for the Joint test wetest all three
null hypothesisjointly. We seethat all the biastestsfailed toreject the
null hypothesisthat the estimated parameter of interest isequal to zero
and the signh and the size effects are not present (seetable2 and 3A, B,
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and C).

For the specification of the model, we tested the presence of
autocorrelation of the estimated residuals by using Ljung-Box Q-
Statistics for 12, 18, 24, 30 and 36 lags. None of the lag orders we
consider reject thenull hypothesisof the presence of no autocorrelation
at the 5% level of significance at tables 2 and 3. Next we test the
presenceof ARCH effect by using Lagrangian Multiplier test (LM). In
order to perform LM test, the squared estimated residual terms are
regressed on constant term and on its 12, 18, 24, 30, and 36 lags by

using the least square method. TR? values are distributed with y?

wherer isthenumber of lag valuesinthe squared residual equation. In
table 2, itisobserved that wefail to reject the null hypothesisthat the
ARCH effect is not present. None of the lag orders of Ljung-Box Q-
Statisticsgivesthetest result reject the null hypothesis of the presence
of noautocorrelation at the 5% level of significanceat table3A, B, and
C. Therefore, ARCH-LM specificationwith al lagsindicatethe ARCH
effect is eliminated.

Last we performed joint exclusion testswhereexogenousvariables
areexcluded from both the mean and thevolatility specifications.* The
test statistics are reported at table 3 as the exclusion test. The critical

valueof )((22) is5.99at the5%significancelevel. Wecanreject thenull

hypothesis that exogenous variables does not affect the return and
volatility only for money was an exogenous variable at thefirst period
and the depreciation at the second period. Theseresultsareparallel with
theindividual testing except when theexogenousvariablesareinterest
rate and money for the crisis period where these coefficients are
individually statistically insignificant but jointly statistically significant.
Table 2 reportsthe GARCH-M specificationsin equations4 and 5.
Risk, asrepresented by the conditional standard deviation, affectsstock
returnsonly during the crisis period in which the GARCH-M effect is
observed. During periods 3 and 1, the mean effect is not present. The
above estimatesindicate that the conditional standard deviationslack
predictive power for the stock returns before and after the crisis. One
possibility is that, volatility is also affected by the macroeconomic

13. We would like to thank an anonymous referee for pointing out the necessity of the
exclusion tests.
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TABLE 3. GARCH-M Mode Estimates for Stock Returns: Alternative Risk
Specifications

GARCH-M+D GARCH-M+| GARCH-M+M

A. Period |

o 261 255 259
0) (0) 0)

a —.096 —.099 -101
(~001) (~001) (~001)

o 044 041 0451
(~118) (~149) (-112)

o 039 03 0354
(-133) (—.244) (=173)

& —147 335 ~.1999
(~469) (~.248) (~341)

by —.265 222 —.3004
(~.208) (~45) (~166)

b5 -113 344 -1972
(~597) (-252) (=371)

b4 -.385 08 —453
(~068) (~.783) (~037)

ds 043 509 —.005
(-842) (~078) (~984)

) 025 —009 —0621
(—827) (-01) (=177)

p a1 149 142
(~156) (~055) (~074)

fo 4 252 625
(~008) (~309) (0)

b 304 659 302
(0) (0) (0)

b 654 308 655
(0) (0) (0)

@ 909 005 -079
(~025) ) (—455)

o —.347 089
(~574) (~592)

" 1539 1.504 1511
(0) (0) (0)

o 578 9.605 589
(~.366) (—-34) (~138)

B 063 —.00001 0
(=371 1) (~999)

b 901 005 982
(0) (—968) (0)

@ 172 047 —.869

(—668) (~302) (~009)
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TABLE 3. (Continued)

Skewness .025 .008 —-.009
Kurtosis 4.065 4.335 (4.272)
JB Normality 69.049 108.143 98.235
L-Box Q(8) 18.055 15.277 18.329.
(-114) (-227) (-.106)
Q(18) 2.587 17.109 2.324
(-301) (-.516) (-.315)
Q(24) 23.425 21.284 23.318
(—.495) (-.622) (-.501)
Q(30) 31.522 3.198 31.103
(-39) (—.455) (-41)
Q(36) 5.584 47.961 49.786
(-.054) (—.088) (-.063)
ARCH-LM(5) 2.665 2.642 2.227
(-.752) (—.755) (-.817)
(10) 8.671 8.905 7.989
(—.564) (-.541) (-.63)
(20) 22.953 22.162 19.124
(-.291) (-332) (-.514)
(30) 27.389 25514 22.548
(-.603) (—.699) (-.833)
(45) 5.464 46.125 42.124
(—.266) (-.425) (-.594)
Sign bias -.375 —-759 —-.601
Negative size 1.067 .687 .828
Positive size -1.135 -1.311 -1.218
Joint tests .878 .854 .826
Function Vaue —3435.266 —3434.2 -3437.17
Exclusion Test 6.608 8.749 2.806
B. Period |1
o .389 48 .376
(0) (0) 0)
a, -.185 -171 -118
(—.045) (-.035) (-.107)
& 1414 4.34 —-.786
(-.565) (-.875) (-.585)
&, 1.035 4.019 -.503
(-671) (—.884) (-.766)
N 1.708 5.157 118
(-518) (—.852) (—.946)
Oy 1.618 5.022 .694
(-41) (—.856) (—.647)

S5 .561 4.272 -.327
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TABLE 3. (Continued)

(—805) (—877) (—.849)
[ 121 .006 271
(-315) (—889) (-33)
A -.362 —1.405 —.052
(—558) (—869) (—.895)
o -421 431
(—287) (—306)
7 7.573 2.169 3.589
(=1212) (0) (-012)
Skewness -109 -033 —-001
Kurtosis 2.004 2.518 1.979
JB Normality 6.417 1.461 6.429
L-Box Q(8) 6.794 6.103 7.038
(-871) (-911) (—.855)
Q(18) 19.813 14.699 16.702
(—343) (—683) (—544)
Q(24) 21.121 15.824 19.101
(-632) (—894) (—747)
Q(30) 29.697 24.784 27.319
(—481) (—736) (—.606)
Q(36) 38.227 32.045 37.594
(—369) (—657) (—396)
ARCH-LM(5) 4623 5.69 6.684
(—464) (—338) (—.245)
(10 8.685 8.919 9.092
(-562) (—539) (—523)
(20) 16.134 19.263 15.228
(—708) (—505) (—.763)
(30 23.237 29.643 19.754
(—805) (—484) (—=923)
(45) 42422 5.706 34.616
(-582) (—259) (—869)
Sign bias —-.267 —759 —-724
Negative size —-.309 .687 .253
Positive size -174 -1.311 -1.335
Joint tests 042 .854 616
Function Value —397.45 —41.484 —395.737
Exclusion Test 2.556 28.622 6.87
C. Period 111
a —-005 —-069 .012
(—936) (—=199) (—904)
[ .0854 .024 .047

(~155) (-652) (~658)
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TABLE 3. (Continued)

(10) 6.236 9.351 7.997
(-.795) (—.499) (—.629)
(20) 17.403 13.117 22.162
(-.627) (-.872) (-332)
(30) 21.322 18.987 26.479
(-.878) (—.94) (—651)
(45) 33.818 26.246 41.552
(—.889) (—.989) (-.619)
Sign bias -.234 -.03 -.83
Negative size -.108 .364 107
Positive size .267 179 —299
Joint tests .104 115 429
Function Value 398.431 -397.633 —396.976
Exclusion Test 6.302 7.899 9.212

Note: Results reported in table 3 Panel A, B, and C are obtained from the joint
estimation of equation 6 and 7 for the exogenous variables namely, the price change of the
US dollar in terms of TL (D), interest rates (1) and currency in circulation (M) in each time.

D:, D, , M: and M are the positive and negative values the depreciation and money

growth figures in absolute value. «;-a, coefficients refer to the AR equation for the mean.,
6,-65 coefficients are the day of the week effects, 1 is the coefficient on the ARCH-in -
mean term, f, is the constant in the conditional variance equation, g, is the coefficient of
one period lagged conditional variance, 3, is the coefficient of one period lagged sgquared
residuals, ¢; are coefficients on the exogenous variables for the mean respectively, ¢, and
@, coefficients are on the exogenous variables in the variance when the variable takes the
positive and negative values respectivel and finally # is the scale parameter for the GED.
The test statistics reported in table 3 are the Jarque-Bera normality test x*(2) for normalized
residuals, the Ljung-Box Q-test for serial correlation in squared normalized residuals, ARCH-
LM test of no AutoRegressive Conditional Heteroskedastic (ARCH) versus ARCH in
normalized residuals and finally sign and size bias non-parametric test. (.) indicates the level
of significancefor thetest statistics.

variables. Therefore, variability of conditional standard deviationscan
bemodeled better by incorporating additional information reveal ed by
macroeconomic variablesto capturethevolatility better. Furthermore,
| SE as an emerging stock market, is known to be sensitive to changes
inmacroeconomic variables (M uradoglu and Onkal, 1992; Muradoglu
and Metin, 1996). Thereforethesevariablesshould alsobeincludedinto
the stock return equation. Thisinclusionwill allow usto observewhich
variablehasexplanatory power on thebehaviour of the conditional mean
aswell as the conditional variance.
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Table3reportsthe GARCH-M specificationsdescribed in equations
6and 7.

Theorder of the autoregressive processisshorter during thecrisis.
It istwo for period 2, and four for periods 1 and 3.%* During Period 1
(beforecrisis) theUSdollar (D,) and interest rates (1,) have predictive
power inexplaining thebehavior of the conditional variance. Thisresult
suggeststhat the depreciation of the exchangerate, and higher interest
rates as important indicators of political and economic instability,
increasevolatility inthe stock market. M oreover, thereisanegativeand
statistically significant relationship between interest rates(1,) and the
stock returns during this period, possibly due to their being close
substitutes (M uradoglu, 1992). During thisperiod the GARCH-M model
alsodisplayed apositiverel ationship between the conditional standard
deviation and stock returns although the significance level of the
estimated parameter is less than 10 percent.

Duringthecrisis(period 2), noneof thevariableshaveastatistically
significant coefficientin the conditional varianceequation. Also, for the
stock return equation, none of the macroeconomic variables have
predictivepower. Thenotableresult for thecrisisperiodisthenegative
coefficient of the conditional standard deviationinthemean equation,
when the depreciation of US dollar (D,), is used as a variable in
estimating theconditional variance. AsPoonand Taylor (1992) noted,
when returns are lower than the average, speculative activity might
have beeninduced and market volatility might haveincreased, leading
to a negative relationship between risk and return. Ozer and Y amak
(1992) have also shown asimilar relationship between risk and return
at ISE during the Gulf Crisis.

During Period 3 (after the crisis), only the money growth rate, (M, ),
and depreciation of US dollar (D,) have predictive power in the
conditional variance equations. Unlikethe negative coefficient of the
depreciation variable (D,) during the crisis period, the estimated
coefficient of D, hasapositivesign after thecrisis. Thepositiveeffect
of D, on conditional variability after the crisis indicates that higher
depreciationincreasetherisksinthestock market. Similar totheperiod

14. We daso determined the order of the autoregressive process by the Schwartz
(1978) criteria and included up to two lags of each of the macroeconomic variables. The
results, not reported here, are robust with the results presented in table 3.
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beforethecrisis(period 1), after thecrisis, during period 3, theinterest
rate (1,) also has a negative coefficient in the stock return equation.
Besidesthereisapositiverelationship between the conditional standard
deviation estimated using D, and stock returns.

V1. Discussions

Inthisstudy, weexaminedtherisk returnrelationship duringafinancia
crisis. Changesin the determinants of risk aswell astherelationship
between risk and stock returns before, during and after the financial
crisisof 1994in|SE areinvestigated by using the GARCH-M model.
In this process, we first modeled risk and then considered the
relationship betweenrisk and return. Next, we examined the possible
macroeconomic determinants of risk in the stock market as well as
testing for their conceivable effects on stock returns.

Theresultsindicatethat first, for all sub-periodsrisk canbemodeled
by aGARCH(1,1)-M specification. However, risk, as represented by
theconditional standard deviation, affectsstock returnsonly duringthe
crisis. Secondly, therelationship between macroeconomic variablesand
risk and risk-return relationships change as the economy progresses
through different stages.

Beforethecrisis, therate of changein the price of theUSdollarin
termsof Turkishliraand higher interest rates asindicators of political
and economic instability and higher expected inflation respectively,
increase thevolatility in the stock market. However, we observe that
duringthecrisisperiod, noneof the macro-economic variablesenter the
variance equation. Since the 1994 funding crisis (Ozatay, 1996)
emerged as a consequence of debt mismanagement, the government
had to decreasethemoney supply, considerably duringthecrisis. After
the crisis, as was the case before the crisis, higher interest rates
increased volatility inthe stock market. During thisperiod, government-
induced risk is also evident and the money growth variable entersthe
mean equation with a positive sign. This indicates that during the
recovery period, expansionary, rather than contractionary monetary
policy is positively associated with risk in the stock market.

The relationship between risk and stock returns becomes negative
during the crisis period. Under normal conditions, the positive
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rel ationship between expected returnsand expected vol atility indicates
that equity risk premiumsprovide compensationfor risk whenvolatility
increases. However, duringthecrisis, assuggested by Poonand Taylor
(1992), speculative activity might have been induced and market
volatility haveincreased almost thirteen times,*® leading to anegative
relationship between risk and return. After the crisis, a positive risk-
return relationship isreestablished and thiscan beinterpreted asasign
of recovery from the effects of the crisis.

Besidesrisk, macroeconomic variabl esthat explainthe behavior of
stock returnsal so changebefore, during and after thecrisis. Likeother
researchers (Fama and Schwert, 1977; Solnik, 1983), we also find a
negative relationship between interest rates that proxy for expected
inflation and stock returns before the crisis. Our study adds to the
literature by showing that none of the macroeconomic variables have
predictivepower duringthecrisisperiod. Afterthecrisis, similartothe
period beforethecrisis, theinterest rate entersthe stock return equation
with the expected sign.

VI1Il. Conclusions

This study attempts to make three contributionsto the field. Firgt, it
specifiesthe conditional variance equationincluding macro-economic
variables, relevant information set for emerging economiesthat isoften
overlooked in various GARCH specifications. Risk, in this paper, is
shown to have macro-economic determinants. Thisisthe casefor asset
returns as well. Second, we employ the GARCH-M methodol ogy to
investigate asset returns and conditional volatilities during a major
financial crisisinan emerging market, asetting that isoftenignoredin
thefinancial literature. Inthisstudy we observethat during afinancial
crisis, risk-return relationship and the factors that determine risksin
stock markets change. Thisisimportant in emerging markets because
theappropriatecost of capital usedto evaluateforeign direct or portfolio
investments will change and so will international asset allocation
decisions. GARCH (1,1), which is known to be an appropriate
specification for modeling mature markets, provesto capturevol tility

15. Seetable 1, row 3 for the unconditional standard errors before, during and after the
crisis.
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and stock returns successfully in an emerging market and under
different economic conditionsincluding acrisisperiod. Third, thisstudy
attemptsto offer possi bl e explanationsto the mixed resultsof previous
research, asit is shown that in the periods before, during, and after a
major financial crisis, determinants of risk as well as the risk return
relationship change depending upon the state of the economy.

This paper might be noticed as a case to help us understand better
financial crisisinemerging markets. Theworldwidecrisisin 1998 that
was stimulated with a crisisin an emerging economy Korea, showed
that neither the academics, not the practitionerswere well prepared to
comprehend the various dimensions of crisisin emerging economies.
Therefore, neither international investors, nor international agencies, nor
governments were well prepared to react appropriately and
instantaneously to crisisin emerging economies beforethe crisiswas
epidemic.

International portfolio managers have difficulty in dealing with
financial crisis in emerging markets. Reasons are several. Country
specific factors are not always easy to analyze and interpret quickly.
Overreaction isawidespread phenomenon in investment decisionsin
general and during crisis in particular. Compared to firm specific
information, macroeconomic variablesarere atively easy tofollow and
interpret for international portfolio managers. They also constitute an
important set of information due to the overwhelming role of statein
economic activity. Inthisstudy weshow, theinternational investor that
duringfinancial crisistherisk-return rel ationshi psand the determinants
of risk change. Accordingly, international investors should adjust the
cost of capital usedinevauatinginvestmentsinindividual stock markets
and thus their international asset allocation decisions.

Clearly, alot more needsto be done in this area. Further research
isexpected to concentrate in three major avenues. First, other country
studies are definitely needed to understand the relationship between
macro-economic variables and risk in financial markets. Second,
conditional variances of macro-economic variables can be used to
estimate conditional varianceof stock returns.®® Thisspecificationwould
enableustoinvestigatetheeffect of risk ingenera economic conditions
on risk in stock returns.

16. We would like to thank an anonymous referee for raising the issue.
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Third, dueto theincreased integration of world markets, volatility
spilloversneedto beinvestigated. M acro-economic variablesconstitute
appropriateinformation setinthisframework aswell, asthey areeasily
accessible by the international investor.

References

Ajayi, RA. and M Mougoue, Dynamic relations between stock prices and
exchange rates, The Journal of Financial Research, 19(2), 193-207.

Andrews, K.W.K, 1993, Tests for parameter instability and structural change
with unknown change point, Econometrica, 61, 821-826.

Assoe, K.G., 1998, Regime switching in emerging stock market returns,
Multinational Finance Journal, 2, 101-132.

Attanasio, O.P. and S. Wadhwani, 1989, Risk: Gordon’s Growth model and the
predictability of stock market returns, Stanford Center for Economic Policy
Research Discussion Paper Series:161,47.

Baillie, R.T. and R.P. DeGennaro, 1990, Stock return and volatility, Journal of
Financial and Quantitative Analysis, 25, 203-215.

Bakir, H. and B.H.Candemir, 1997, Menkul kiymet getirilerinin sartli varyans
modelleri: IMKB icin bir uygulama in Doc. Dr. Yaman Asikoglu' na
Armagan, (Capital Market Board Publication, No:56, Pelin Ofset, LTD,
Ankara).

Balaban, E., H.B. Candemir and K. Kunter, 1997, Istanbul menkul kiymetler
borsasinda yari-guclu etkinlik, in Doc. Dr. Yaman Asikoglu’ na Armagan,
(Capital Market Board Publication, N0:56, Pelin Ofset, LTD, Ankara).

Balaban, E. and K. Kunter,1997, A note on the efficiency of financial marketsin
adeveloping country, Applied Economic Letters, 4, 109-112.

Bekaert, G. and C.R. Harvey, 1997, Emerging equity market volatility, Journal
of Financial Economics, 43, 29-77.

Bollerslev, T.1986, Generalized autoregressive conditional heteroscedasticity,
Journal of Econometrics, 31, 307-327.

Bollerdev, T., Y.R.Chou, and F.K. Kroner, 1992, ARCH modeling in finance, a
review of the theory and empirical evidence, Journal of Econometrics, 52,
5-59.

Bollerdev, T., R.F. Engle, and M. Wooldridge, 1988, A capital asset pricing
model with time varying covariances, Journal of Palitical Economy, 96,
116-131.

Boratav, K., O.Turel, and E.Yeldan,1996, The macroeconomic adjustment in
Turkey,1981-1992 : adecomposition exercise, Yapi Kredi Economic Review,
7, 3-20.

Cheung, Y. and K.L. Ng,1996, A causality-in-variance test and its application



250 Multinational Finance Journal

to financial market prices, Journal of Econometrics, 72, 33-48.

Chow, G.C. 1960, Tests of equality between sets of coefficients in two linear
regressions, Econometrica, 52, 211-222.

Engle, R. F. 1993, Statistical modelsfor financial volatility, Financial Analysts
Journal, 1, 72-78.

Engle, R.F., R.M. Lilien, and R.P.Robins, 1987, Estimating time varying risk
premiain the term structure: the ARCH-M model, Econometrica, 55, 391-
407.

Errunza, V., K. Hogan, O. Kini and P. Padmanabhan, 1994, Conditional
heteroskedasticity and global stock return distributions, The Financial
Review, 29, 8, 293-317.

Fama, E. and G.W. Schwert, 1977, Asset returns and inflation, Journal of
Financial Economics, 5, 115-146.

French, K.R., G.W. Schwert and R.F. Stambaugh, 1987, Expected stock returns
and volatility, Journal of Financial Economics, 19, 3-30.

Friedman, M. 1968, The role of monetary policy, American Economic Review,
58, 1-17.

Geske, R. and R. Rall, 1983, The fiscal and monetray linkage between stock
returns and inflation, The Journal of Finance, 38, 1-32.

Glosten, L.R., R. Jagannathan and D. Runkle, 1993, On therelation between the
expected value and the volatility of the nominal excess return on stocks,
The Journal of Finance, 48/5, 1779-1801.

Ghysels, E. and R. Garcia, 1996, Structural change and asset pricingin emerging
markets, Working Paper, #34, CIRANO, University of Montreal.

Griffiths, W., R.C. Hill, and G.G. Judge, (1993), Learning and Practicing
Econometrics, John Wiley and Sons, Canada.

Gultekin, N.B., 1983, Stock market returns and inflation: Evidence from other
countries, The Journal of Finance, 38, 49-65.

Harvey, Campell R.1995, Predictable risk and returns in emerging markets,
Review of Financial Studies, 8, 773-816.

Im, B. and S. Kim, 1998, Regulatory Reform Policy of Financial Servicesindustry
in Korea, paper presented at the Western Economic Association
International at Pacific Rim Conference in Bangkok, Thailand, January.

Hamao, Y., RW. Masulis and V. Ng, 1990, Correlations in price changes and
volatility acrossinternational markets, Review of Financial Studies, 3, 281-
307.

Jarque, CM. and A.K. Bera, 1980, Efficient tests for normality,
homoscedasticity, and seria independence of regression residuals,
Economics Letters, 6, 255-259.

Kaminsky, G.L. and C.M. Reinhart, 2000, On crisis, contagion, and confusion,
Journal of International Economics, 51, 145-168.

Kendall, JD. and A. McDonad, 1989, Univariate GARCH-M and the risk
premiuminaforeign exchangemarket, unpublished manuscript (Department



Risk Return Determinantsin Turkey 251

of Economics, University of Tasmania, Hobart).

Lintner, J, 1965, The valuation of risk assets and the selection of risky
investments in stock portfolios and capital budgets, The Review of
Economics and Statistics, February, 13-37.

Ljung, G.M. and G.E.P. Box, 1978, On ameasure of lack of fitintime series
models, Biometrica, 65, 297-303.

Malliaropulos, D., 1998, International stock return differentials and real
exchange rates, Journal of International Money and Finance, 17, 493-511.

Metin, K., 1995, The analysis of inflation : the case of Turkey (1948-1988),
(Capital Market Board of Turkey : Publication Number 20, Ankara, Nurol
Publishing Co).

Mishkin, F.S, 1982, Does anticipated monetary policy matter? An econometric
investigation, Journal of Political Economy, 90, 22-51.

Muradoglu, G., 1992, Factors influencing demand for stocks by individual
investors, Proceedings of |zmir Iktisat Kongresi, Vol.1.

Muradoglu, G., 2000, Efficiency and anomalies in the Turkish stock market, in
Security Market Imperfectionsin Worldwide Equity Markets, ed. Keim, D.,
Ziemba, W., Cambridge University Press, 364-390.

Muradoglu, G. and K. Metin, 1996, Efficiency of the Turkish stock exchange
with respect to monetary variables: a cointegration analysis, European
Journal of Operational Research, 90, 555-576.

Muradoglu, G. and D. Onkal, 1992, Semi-strong form of efficiencyintheTurkish
stock market, METU Studiesin Development, 19(2), 197-208.

Muradoglu, G. and M. Unal, 1994, Weak form efficiency in the thinly traded
Istanbul securities exchange, The Middle East Business and Economic
Review, 6, 37-44.

Ozer, B. and S. Yamak, 1992, Effect of Gulf crisison risk return relationship and
volatility of stocks in Istanbul stock exchange, METU Studies in
Development, 19(2),209-224.

Ozatay, F, 1996, The lessons from the 1994 crisis in Turkey: public debt
(mis)management and confidencecrisis, Yapi Kredi Economic Review, 7(1),
21-38.

Pagan, A. and A. Ullah, 1988, The econometric analysis of a model with risk
terms, Journal of Applied Econometrics, 3, 87-105.

Pettinen, A., Devaluation, risk related peso problems in stock returns,
International Financial Markets Institutions and Money, 10(2) 181-197.
Poon, S. and S.J.Taylor, 1992, Stock returns and volatility: an empirical study

of the UK stock market, Journa of Banking and Finance, 16, 37-59.

Ross, S.A., 1976, The arbitrage theory of capital asset pricing, Journal of
Economic Theory, 13, 341-360.

Schwarz, G, 1978, Estimating the Dimension of a Model, The Annals of
Satistics, 6, 461-464.

Sharpe, W.F.,1964, Capital asset prices: a theory of market equilibrium under



252 Multinational Finance Journal

conditions of market risk, The Journal of Finance, 19, 425-442.
Solnik, B. 1983, Therelation between stock pricesand inflationary expectations:
Theinternational evidence, The Journal of Finance, 38, 35-48.
Theodossiou, P., E. Kahya, G. Koutmos and A. Christofi, 1997, Volatility
revision and correlation of returnsin major international stock markets, The
Financial Review, 32, 205-224.



