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The risk—return trade-off in Emerging Markets

Enrique Salvador
Accounting and Finance Department, Universitat Jaunf Castellon, Spain

Abstract

This paper studies the risk-return tradeoff in sahthe main emerging stock markets
in the world. Although previous studies on emergmnarkets were not able to show a
positive and significant tradeoff, favorable evidencan be obtained if a non-linear
framework between return and risk is consideredndgJd5 years of weekly data
observations for 25 Emerging Markets MSCI indexLg&in American, 9 Asian, 5
Eastern European, 3 Africans and 3 aggregate ifadeXsia, Eastern Europe and Latin
America) in a Regime Switching-GARCH framework, deable evidence is obtained
for most of the emerging markets during low voistiperiods, but not for periods of
financial turmoil or using the traditional lineaA®CH-M approach.

Key words:

JEL classification:

1.- Introduction

The relationship between return and risk has mtad/dots of research in both the
theoretical and the empirical field for many yedriany of the asset pricing models are
based on this fundamental financial relationshipl @ahngood comprehension of the
dynamics of return and risk is essential to undestthese models. One of the most
cited theoretical works in the financial literatua@alyzing the relationship between
return and risk is Merton’s (1973) intertemporapital asset pricing model (ICAPM).
Merton shows a linear relationship between the etgoereturn on a wealth portfolio
and its conditional variance and its conditionalvartance with the investment
opportunity set:
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where J (") is the utility function (subindex represents prtierivatives),E, (R,,.,)is
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could be viewed as the risk prices of the sourtesik.



Despite the important role of this trade-off in tiveancial literature, there is no clear
consensus about its empirical evidence. In a thieatdramework, all the parameters
(the risk prices in brackets) and the variables @burces of risk) are allowed to be time
varying. However, to make this model empiricallpdiable one must make several
assumptions; the most common is that of constaktprices (Goyal and Santa-Clara
(2003), Bali et al. (2005)). Another common assuampinade in the empirical analysis
of the risk—return tradeoff is that of a set ofestment opportunities constant over time,
leaving the market risk as the only source of riskthe ICAPM (Baillie and De
Gennaro (1990), Glosten et al. (1993)). Finallg #mpirical model is established in a
discrete time economy instead of the continuoug ttonomy used in the equilibrium
model of the theoretical approach. Many empiricgbgrs studying the risk-return use
one or more of the assumptions explained above.

In the studies focused in the emerging marketsptbst common empirical framework
is the GARCH-M approach developed by Engle et 4B87). De Santis and
Imrohoroglu (1997) find some weak evidehéer a positive risk—return trade-off in
Latin American stock markets, but no evidence ioséhof Asia using weekly series
from December 1988 to May 1996 in a GARCH(1,1)-linfliework. Karmakar (2007)

estimates an EGARCH model for Indian stock markaia doetween July 1990 and
December 2004, finding no relationship betweenrretand risk. Chiang and Doong
(2001) estimate a TAR-GARCH(1,1)-M model using datam Hong Kong, South

Korea, Malaysia, the Philippines, Singapore, Taiwand Thailand. They find a
significant positive relationship in daily data,tlihe impact of volatility (or risk) on

market returns is weak in weekly data and insigariit in monthly data. Shin (2005)
estimates both parametric and semiparametric GARCHodels using weekly data
from January 1989 to May 2003 to investigate tls&—tieturn trade-off in emerging
Latin American, Asian, and European stock markéte results show a positive but
insignificant tradeoff in most cases.

However, there are several important alternatioethé¢ usual GARCH-M methodology
in the financial literature. Ghysels et al. (20Q&ppose an alternative empirical
methodology to counteract the disadvantages of GA&RCH-M estimations, using
different data frequencies to estimate the meamh(Vewer data frequency) and the
variance (with higher data frequency) equationgiigson and Ng (2007) use a factor
approach to summarize a large amount of econonfiaenration in their risk—return
tradeoff analysis. Bali (2008) proposes an altéveadpproach considering not only the
time series dimension of the portfolio market Hgbdahe cross-sectional dimension that
allows the consideration of the whole market. White (1994) uses an instrumental
variables specification for the conditional secomdments. Harrinson and Zhang
(1999) use nonparametric techniques in their sinshgad of the parametric approaches

! These authors find essentially no evidence of latiomship between expected return and country-
specific volatility, which is our main point in ghipaper; but when they generalize the model asgumin
regional or global international integration, thiéyd support for a reward-risk relationship in lrati
American countries.



used above. Whitelaw (2000) and Mayfield (2004) lyppmethodologies whereby
states of the world are essentially defined bytldlaregimes.

Among the alternative methodologies to the GARCHHsimework existing in the

literature, | consider the RS-GARCGHpproach following the papers of Whitelaw
(2000) and Mayfield (2004). This methodology isdm®n an equilibrium framework
developed in the paper of Whitelaw (2000). Thisotké&cal framework is slightly

different from Merton’s approach because a compleq-linear, and time-varying

relationship between expected return and volatsitybtained.

As remarked above, the evidence of a risk—retladewff in emerging markets using
the GARCH-M approach is poor. In a recent papendblad (2007) shows that the
typically insignificant relationship between the nket risk premium and its expected
volatility may be because of a statistical artitaftthe GARCH-M framework. A large

data span is required in this approach to find esgftlly a positive risk-return tradeoff,
showing in the Monte-Carlo simulation that even 1@@rs of data constitute a small
sample from which one is forced to make inferencebtaining sometimes

disappointing results. To avoid this limitationafalyzing the risk—return tradeoff in a
shorter span, we propose an alternative methodollgigh let us show favorable

evidence in most emerging markets. We show thashorter span empirical analysis,
the relationship between expected return and Vityatollows non-linear rather than

linear patterns as suggested the GARCH-M framewdhe RS-GARCH approach

proposed in this study lets us obtain favorablel@we for a positive and significant
risk—return tradeoft.

This study examines the relationship between risl axpected return in several
emerging markets, using Latin American, Asian, &astEuropean and African
countries. Despite the multitude of literature feed on developed markets, there has
been insufficient attention on emerging marketse Tain contributions of this paper
are the following. Firstly, an alternative empitiaaethodology through a Regime
Switching (RS) model is considered against mosthef previous studies that use a
GARCH-M framework. The weak evidence for a riskerat tradeoff in emerging
markets in previous studies could be because ofsapecification of the empirical
model. The main results show that a specificatiba non-linear relationship between
return and risk in the short-term is more appeathmn the common assumption of a
linear risk—return trade-off. Non-linear specificais also allow distinguishing between
the patterns followed by this relationship betwémm and high volatility states. This
point is especially interesting in the current pdriwhen the global financial crisis that
started in October 2007 still questions most of tlassic theoretical models.

2 The main reason for this choice is that this framm introduces non-linearities in the analysishef
risk—return trade-off against the linear relatidpstf the GARCH-M framework.

3 Small sample inference is plagued by the fact tlomditional volatility has almost no explanatory
power for realized return.



Furthermore, differences in risk aversion leveld amgnificance during high and low
volatility periods are also detected in these emgrgrarkets. Using this methodology,
a positive and significant risk—return tradeoff tbe most recent data in most of the
emerging markets is obtained. Secondly, the stistyshows that for shorter time span
strong linear assumption in the risk-return relagitip may lead to misleading results.
Thirdly, the risk-free rate for each country is smered in contrast to previous studies
(De Santis and Imrohoroglu (1997), Shin (2005)haly, we show that the risk-return
trade-off is essentially observed in low volatilpgeriods where stock markets behave
according the economic intuition; however, in higblatility periods this basic
relationship between return and risk is not obsrve

The paper is organized as follows. Section 2 pewithe data. Section 3 develops the
empirical framework used in the paper. Sectiona@shthe empirical results. Section 5
provides a battery of robustness tests and se@tammcludes.

2.- Data description

This empirical study uses weekly observations fee of the main stock markets in
Latin America: Argentina, Brazil, Chile, Mexico, @eru, nine Asian markets such as
China, Indonesia, Malaysia, Thailand, India, Kofehailippines and Taiwan, five Easter
European Countries as Czech Republic, Hungary,nBplRussian and Turkey and
finally three African emerging markets: Morocco yagand South Africa . | also use an
aggregate index for Asia, Eastern Europe and LAfirerica emerging markétsThe
proxy used for the market portfolio is the EmergiMgrkets (EM) Morgan Stanly
Capital International (MSCI) index computed in USlldrs for each country
considered. This market portfolio presents two naaimantages: first, all the risk due to
exchange rate in a specific market is removed;rsgcallows the comparison between
countries because all markets are considered isaime currency.

For each country, it is considered weekly data fd@amuary 1995 to December 2010 for
a total of 835 observations. The frequency andtterj the time series allow the
comparison of my conclusions with previous studiealyzing the risk—return trade-off
in emerging markets such as De Santis and Imrohor®97) and Shin (2005).
Against the works cited above, the risk-free ratealiso considered to compute the
excess market returns. | use the monthly money ehadte in each country suitably
compounded at a weekly frequericgs a proxy for the risk-free rate. Thomson
Datastream is used to obtain the data about the IM&f&xes and International
Financial Statistics for the data correspondingthe risk-free rate. After having
computed logarithmic returfisor both the market portfolio and the risk-fregera

“The EM MSCI aggregate index for African countriedyacontains data since 2003, so | decided not to
include it to avoid misleading results due to tiféecence in the length of the sample.

® This approach is used in Leon et al. (2007) tadathe limitations in the availability of the rigkee rate
at higher frequencies than monthly.

® To facilitate the convergence of the models Isiger the logarithmic returns multiplied by 100.



proxies, the excess market returns in each masketiained as the difference between
the two of them.

[INSERT TABLE 1]

Table 1 contains summary statistics for the exoceassket returns in each country. All
excess market return series exhibit non-normatibigtons with strong evidence for
skewness and kurtosis. This result suggests flatitaithe unconditional distributions.
Moreover, the series also show conditional hetexdakticity problems (autocorrelation
in squared market excess returns). GARCH modelgrdiperly to the data with these
patterns (fat tails and conditional heteroskedag}icThere is also a common high
value of the skewness statistic for all markets.

3.- Empirical specifications

In this section, we present and discuss the enapinmdels proposed in this study to
analyze the risk—return trade-off. Assuming GARChammics for the conditional
second moments, we built two models consideringalirand non-linear relationships
between expected return and conditional variance.

3.1.- GARCH-M framework

The empirical analysis relating to expected retammd conditional volatility is
traditionally validated using a GARCH-M methodologyonsidering the theoretical
framework shown above and the assumptions usualigbkshed in the previous
literatur€ this leads to the following model:

rr=c+Ah+g & ~N@Oh) (2) fori=1,2.....j
£ =hz z ~N(0,1) (3)

h =w+ag?, +ph_, (4) whered + 3 <1 guarantees the stationarity of the process.

In this model,r, is the excess market returh,is the conditional variance, arg]
represents the innovations, which are assumed lkmnmfaa normal distribution. We
estimate this first model using the Quasi Maximuikelihood (QML) function of
Bollerslev—Wooldridge (1992), which allows us totaib robust estimates of standard
errors.

T L (g‘)z
L(6)=>In[ f(r,Q;6)] where f(r,Q;6)=(21h)2e (5)

In this model, the variance appears in the meaatemuas a regressor and its parameter
can be viewed as the market risk price or theaisiksion coefficient of a representative

"These assumptions often include (De Santis andHamoglu (1997), Shin (2005), Karkamar (2007))
constant risk prices, time-varying risk and a canstet of investment opportunities.



investor. Therefore, this parameter reflects tles@nce or lack of a risk—return trade-off
and the sign of this relationship.

In this empirical model, the relationship betweearket risk premium and conditional
variance is linear as suggested by Merton’s mddelvever, several previous studies
using this methodology fail to obtain favorable amgpl evidence (French et. al (1987),
Baillie and De Gennaro (1990)). We show in the nsibsection an alternative
empirical specification to avoid some of the lininas of the GARCH-M methodology.

3.2.- RS-GARCH framework

The model explained above proposes a linear relstip between return and risk. In
this section, we show an empirical model that aflaus to introduce non-linearities into
this relationship. This specification could be vezlvas the empirical validation of the
theoretical equilibrium developed in Whitelaw (200@/hitelaw (2000) concludes that
empirical models imposing a strong, often linedatrenship between expected returns
and volatility (such as GARCH-M models) need todmeployed with caution. Given
the importance of regime shifts to the resultsR&IGARCH specification is proposed,
based on the model originally proposed by Hamidkod Susmel (1989) and Hamilton
(1994) that allows us to distinguish between ddfervolatility states governed by a
hidden state variable that follows a Markov process

In this model, the mean equation is not exacthstaswn in Equation 2 because it is
state-dependent:

e =C *Ah +&s &5 ~N(Ohy) (6) fori=1,2.....j

wherer, . ,

and s = 1 (low volatility state) or 2 (high volatility ate).

h, ,» andg  are the state-dependent returns, variances, amavations,

The state-dependent innovations follow a normalkribigtion, with two possible
variances depending on the state of the process.stdte-dependent variances are
modeled as in Equation 4 allowing different pararetdepending on the stite

£s N5z z ~N(0,1) (7)
h,g =wt ag 512—1 + 183 h[—l (8)

The shifts from one state to another are goveryeal lidden state variable following a
Markov process with a probability transition matrix

5 ( Pris=gs,=9=p P(s=15.= 3= (g

“|Pr(s=ds.=d=@p) Pfs=15,= 2=g

9)

® Following Capiello and Fearnley (2000), to faeilé convergence, the constant variance term is not
allowed to switch between regimes.



Because of this state dependence, the model imewrically intractable We must,
therefore, obtain state-independent estimatesredrvaes and innovations. We averaged
out according to thex ante probability”® of being in each state (Dueker (1997)):

h=P(s=1Q.:0)h.,+P(s=2Q_:6)h,.,  (10)
£ =P(5=1Q;:6) ., +P(5 =22,:6) 5, (11)

whereh and ¢, are the state-independent variances and disturbamck

P(s =1Q..;6) = p*P(s.,=1/Q_;8) +(1-a) P(s., = 2Q,_,:) (12)
and
P(s=2/Q:6)=1-P(5 =10, 6) (13)

are theex ante probabilities, where
P(s =k|Q.;8) f (r|s =k.©,;6)

P(s =k|Q;6)=—
kz P(s =k|Q.;8) f (r|s =k.Q,;6)
=1

(14)

where k=1, 2 are the filtered probabilities.

We estimate this model, maximizing the QML functioh Bollerslev—Wooldridge
(1992), weighted by the filtered probability of bgiin each state:

L(e):é'”[:ép(s=k|nt:e)f(n,nt:9>} e 1(1fs.0:8)=(2m e a9

3.3.- Asymmetric specifications

To robustness purposes it is also considered thiekm@wvn fact that a negative shock
has a greater impact in volatility than a positheck. In all the series analyzed there is
a common high value of the skewness statistic.tlisrreason, it is worthy proposing
the consideration of the ‘leverage effect’ in timepérical model because let us treat in a
different way the impact of positive and negativ®cks. To reflect this, we use the
GJR specification of Glosten et. al(1993) in theiarece equation in both linear and
non-linear specifications. | just estimate the sanoelels presented above but instead of
using equation (4) and (8) we replace them byahewing equations:

ht =wt a£t2—1 + :Bh[—l + 5,7t2—1 (4’)

h[,s, = w+as,£l2—1+ﬁsl I‘1—1-'-53/75—1 (8’)

° See e.g. Gray (1996) or Dueker (1997).

Y Following Hamilton (1994), thex ante probability is defined a$>(gt =k‘QH;9) for k=1,2 i.e. the

probability of being in the'kstate, given the information up to t-1.



Where dis a new parameter to be estimated reflecting thgact of negative shocks and
n, = min(q , O) . The rest of parameters are the same defined alaveestimate the unknown
parameters again maximizing the QML functions ingid (15).

4.- Empirical results

This section shows the main empirical results efriek—return analysis in the emerging
markets. | focus my attention on the relationshepneen expected market returns and
conditional volatility rather than the well-knowrafterns and dynamics followed by
volatility in these markets. It is worthwhile noting the results of this rétatship
because it is the inconclusive point of the presibterature; the expected returns and
volatility dynamics are similar in previous studie$ emerging markets (Choudry
(1996), De Santis and Imrohoroglu (1997), Shin B8R0 This study is directly
comparable with previous studies because the chafickata (in terms of frequenty
and sample size) is similar. Furthermore, the dataction also includes the recent
period of the global financial crisis (from Octob2007), which is not treated in any
previous study for emerging markets.

The left side of Table 2 shows the estimated paremmdor the mean equatibrusing
the GARCH-M framework for the emerging markets ¢desed. The parameter c
represents the constant term (the intercept) amdpdrametei. represents the risk
aversion parameter; that is the risk—return retetnip.

[INSERT TABLE 2]

The main conclusion of these results is that the(RGA-M framework fails to show
favorable evidence of the risk—return trade-ofemerging markets. There is no clear
evidence about either the sign or significancehef ttelationship using this approach.
Brazil is the only country where a significant teaofff is obtained but is negative.
Therefore, the influence of volatility on stock rkets is not enough to be significant in
the linear framework drawn here. This result isomgistent with the theoretical model
that it is based on. Following Merton’s ICAPM, wepect a positive and significant
risk—return tradeoff. However, some previous stsi@dilso obtained similar results using
this framework for both developed and emerging mrkBaillie and Di Gennaro
(1990), Glosten et al. (1993), Shin (2005)).

" previous papers (De Santis and Imrohoroglu (12®i) Shin (2005)) analyzing emerging (and Latin
American markets) reach similar conclusions abdet volatility dynamics. For almost all these
countries, there is evidence of time-varying vditgfiwhich exhibits clustering and predictability.

2 The selection of the data frequency may be a canddost previous studies use weekly data in
emerging markets. Even though there are slightfferdinces in the parameter estimations using
different data frequencies, there is no particadsson that the conclusions in this study should be
affected by the selection of data frequency. Soathoais note this point in their studies (De Santis
and Imrohoroglu (1997), Shin (2005), Lundblad (2007

13Estimations for variance equation are not presetateséive space. Moreover, the results for the neeia
equation do not provide any relevant contributibowt the risk—return trade-off. They only suggest
the volatility dynamics (which is not the objectiotthe paper).



A potential reason for these results may be thahorter periods the risk—return trade-
off follows a non-linear relationship. The limitatis imposing a linear relationship
between return and risk are clearly observable nconclusive previous studies.

Whitelaw (2000) states the concerns about the itapoe of non-linear risk and

develops a theoretical framework analyzing theti@tghip between return and risk in a
two-regime economy, remarking the perils of lineerdels such as GARCH-M.

Right side of table 2 shows the estimations forRIEeGARCH model proposed. In this
approach, there are two intercepts and two riskcepri(aversion coefficients)
corresponding to low and high volatility stateseTihtroduction of regime switching in
the empirical analysis lets us establish a noralimelationship between expected return
and conditional volatility as an alternative to thisappointing results obtained when we
assume a linear relationship.

The main results for the RS-GARCH estimations shpesitive and significant
estimations for the risk—return relationship in lgwlatility periods but the results turn
non-significant in the high volatility state. Withe sample used in this study, | am able
to find favorable evidence for a positive and digant risk—return trade-off in most of
the emerging markets. In some countries such as, PR#ilippines and Russia this
evidence is very strong with significance even && tonfidence level. In several
countries as Argentina, Brazil, Mexico, Chile, Thad, Egypt, Morocco, Poland,
Turkey and the aggregate Asian index the tradeso$ignificant at 5% level. In some
countries, the evidence is weaker just at 10% denfie level as China, Indonesia,
India, Korea, Thailand, South Africa, Hungary arn taggregated index for Latin
America. Finally in some emerging markets | canfiotl evidence of a risk-return
trade-off even in the low volatility periods as the cases of Malaysia and the
aggregated European index. This positive evidescessentially observed in low
volatility states where the financial markets aebke. However, the results for the high
volatility state reveal a lack of a trade-off inrijpels of market jitters. None of the
parameters in this state is significant at any idemice level (except for Turkey which is
significant negative at 5%). Therefore, what thiglence suggests is that a positive and
significant risk-return trade-off is only observedring periods of financial stability but
this fact is not observed in times of financiahtwil in the emerging stock markets.

Moreover, some interesting results deserve sonmentaih as well. First, the risk
aversion coefficients in state 1 (correspondindpt® volatility states) are higher than
those corresponding to state 2 (high volatilitytet® This result suggests that there is
less risk aversion in high volatility states. Thigling is not consistent with the spirit of
the theoretical models that suggest that higheatiity should be compensated with
higher returns. However, some papers such as Mayf©04), Lettau and Ludvigson
(2003), and Lundblad (2007) found the same evidenckigh volatility states, there is
a decreasing level of risk aversion. One possikfga@ation could be the different risk
aversion profiles for the investors in each sta@tering calm (low volatility) periods,
more risk-averse investors are trading in the markmut in high volatility periods only
the less risk-averse investors remain in the marketiuse they are the only investors



interested in assuming such risk levels, decreaiagisk premium demanded during
these periods. However, the specification presenéed may be confounding expected
returns with realized returns, particularly in tless common high volatility states
(corresponding generally with recession periodsg¢rofassociated with low or even
negative markets returns (Lundblad, 2007).

The evidence obtained in this paper about a saamti trade-off in calm periods but
non-significant during high volatility situationsay also be related to the findings in
papers as Nyberg (2011) and Kim and Lee (2008)sd laeithors find similar evidence
in developed markets but establishing the statexldgnce of the risk aversion on the
business cycles instead of volatility regimes. loedain way, they are different forms
of introducing the non-linear relationship betweeturn and risk but very similar in the
sense that many periods corresponding to recesarenassociated with high volatility
situation states and boom cycles often coincidén Wotv volatility periods in stock
markets. In our case, we also support the pro@ldlisk aversion observed in the paper
of Kim and Lee (2008) since in low volatility statéboom periods) the investors show
are stronger risk-aversion than during high vatgt{recession) periods.

Another interesting result is related with the gigance of the constant term. In many
countries this parameter presents a significantevgbome authors (Leon et. al(2007))
relate this significance with structural market erfections. This interpretation is
totally plausible in the markets analyzed here Wlace in developing process and may
present some of these imperfections. Moreover, ttuehe significance of this
parameter, its omission could lead to misleadirsylte because the model would be
misspecified. However, | explain this issue in mdegail in the next section.

Finally, note that the volatility persistence estted with linear models is usually very
high (around 0.9). However, considering two reginves get a reduction of this

persistence overall in the high volatility stateend there is a greater impact of the
shocks and the impact of these decay more quidkbrgucci, 2005). Considering just

one volatility process could be another of the seasof the inconclusive results

obtained with linear models.

[INSERT FIGURE 1]

Figure 1 presents the smooth probability of bemg@ iow volatility state in each of the
emerging markets analyzed. It is not possible tbaek a common pattern among all
these countries because each country follows its wiosyncratic volatility process.
However, it is worthy to note that in most casew leolatility states governs the
volatility process and high volatility states awstj present during the crisis periods in
each specific country.

4.1.- Diagnosistests

In this subsection, | perform some specificaticgtd®n the standardized residuals from
our estimations. The objective is to detect po&mhisspecifications in our empirical



model that could lead to wrong or spurious resultshle 3 shows the diagnosis tests
using the standardized residuals for the aggregsseh, European and Latin American
countries case as a representation of all emergarggets”.

[INSERT TABLE 3]

The first rows in Table 4 show summary statistios the standardized residuals (
0.=&,/h;, ), inlevels and squares for both GARCH-M and RSREM. The mean

values for residuals in levels are around 0 andaee values are around 1. The degree
of skewness and kurtosis is also reduced compatid the original series. This
reduction is even higher in the RS-GARCH approaciggesting a better fit for the fat
tails in the unconditional distribution. Table 8@lshows the Ljung-Box autocorrelation
test; the results show that there is no evidenceatdocorrelation in standardized
residuals for levels or squares. Finally, at thédm of the table, there are two order
moment tests (developed by Bollerslev and Wooldridd992)) to validate the
consistency of the QML estimations for deviatiomsnif normality. These authors
demonstrate that the estimations obtained for th @stimations are consistent even

in the case of deviations from normality E;_l(Diyt):O, E[_l(Dﬁt):l. The results

support consistency in our estimation results degpie non-normality patterns of the
original series. All the analysis performed for gtandardized residuals show that the
models proposed reflect the dynamics of both theketarisk premium and the
conditional second moments. We cannot find any sigevidence of a potential model
misspecification.

5.- Robustness test

The results in the previous section show a sigaificrelationship between expected
returns and risk in almost all the emerging marlegislyzed. In this section we repeat
the empirical analysis both from a linear and niaedr point of view using different
specification proposed in the literature to modiel mean and the variance equdtion
More specifically, in the variance equation | cadesi the asymmetric response of
volatility against shock of different sign (the vierage effect’) and | propose a model
omitting the constant term in the mean equatiomileaand Saikkonen (2006), Guo and
Neely (2008)).

[INSERT TABLE 4]

Table 4 shows the estimations for the original nhogdégh an asymmetric GJR
specification in the variance equatt@nn this case we observe a significant risk-return
trade-off of at least at 90% confidence level indi®ur 24 index analyzed during the

“The choice for these markets is purely arbitrany is done in order to save space. The resultstfar
markets are similar and are available upon request.
' All the estimations have been replicated assumingtadent distribution for the innovation term and
the results are very similar to those reportedvingaper.
16 P . . . .
The results are very similar to the symmetric c&se.the sake of brevity | just describe bravely th
main implications on the risk-return trade-off otveal.



low volatility periods. The results for high voldy periods and for the GARCH-M
framework are similar than the symmetric case.niftbing, these results support the
findings obtained above.

[INSERT TABLES5AND 6]

Table 5 and Table 6 represent the risk aversioffficesit in the case we omit the
constant term in the mean equation for the symmednd asymmetric variance
specification respectively. Lanne and Saikkoner0§lthave pointed out that in many
empirical studies analyzing the risk-return tradletbe intercept is included in the
model for the conditional mean in the GARCH-M moddihough, based on the
ICAPM, it is not theoretically justified. They faill to find a positive risk-return tradeoff
in the U.S stock returns when the intercept isudell in the model. However, a
positive and statistically significant GARCH-M estite (using the notation employed
in this paper) is obtained when the intercept idweed. The results of Tables 5 and 6
do not support this evidence for emerging markatsong the 24 indexes markets
analyzed, using the linear framework without contsia only 5 (4 in the asymmetric
case) of them we can find a positive and significeadeoff between return and risk and
in some cases this relationship is negative. Theltefor the non-linear cases show that
a significant tradeoff is obtained in 21 (only 113 the asymmetric case) for low
volatility periods and essentially a negative and-significant relationship is obtained
during high volatility periods. But the evidence itimg the constant term in the mean
equation are generally weaker than including it. iBa linear framework one is more
likely by imposing the restriction of no constaetrh in the return equation to find a
positive risk-return relation but in the non-lindeamework this fact is not observed and
the omission of the constant could lead to wea&sults. Anyway, as we do not know
the true data generating process one could be astgn misspecified models is
preferably including the constant term (Guo andIiNé2008)).

Suming up, the main result here is that | can olf@rorable evidence of a positive and
significant risk—return tradeoff with a time ‘spaof approximately 15 years for almost
all the emerging countries considered, as it isgestgd by the theoretical intuition.

However, only in the case of (i) a proper relattopsbetween return and risk (that is,
non-linear rather than linear); and (ii) periodsritfied as low volatility states, | can

obtain the empirical evidence supporting the thimakmodels. The results shown in
this study demonstrate the importance of non-lims&rand RS in the patterns followed
by the dynamics and the trade-off between retuchragk in emerging markets. Strong
linear assumptions about the risk—return tradeo8horter ‘spans’ could be the reason
for the weak evidence documented in the previdasaliure.

6.- Conclusions

This study provides a risk—return analysis for amall of the main stock markets
known as Emerging Markets. We analyze differentntoes in several worldwide
regions as Asia, Latin America, Eastern Europe &fidca. Using the standard
GARCH-M framework (similar to previous studies imerging markets), we do not



find favorable evidence about a significant riskure trade-off. However, using a RS-
GARCH approach to explore this trade-off | obtaisignificant estimation for the risk

aversion parameter with a relatively short timensfis years of data). The results
suggest that the RS-GARCH framework can identifyoa-linear relationship between

expected return and risk for ‘shorter’ time spamsontrast to the disappointing results
of the GARCH-M framework. So, strong linear assuond analyzing the risk—return

relationship in emerging markets must be taken watltion.

The results also provide a relationship betweeratiity regimes and risk aversion

level. The risk aversion level in emerging marketkigher in low volatility states and

lower in high volatility states. This suggests thatower risk premium is demanded
during recession when the realized returns arendéteer (even negative) than during
calm periods. The investor profile in each conteey also have an influence on this
lower risk aversion coefficient during high voldilperiods. Generally, high volatility

regimes correspond to periods of recession or kpamsion in the country's economy,
whereas low volatility regimes correspond with pds of economic expansion and let
us link our findings with some papers focused inaligped markets that obtain this
result as well (Kim and Lee, 2008). Therefore, study also support the procyclical
risk aversion of investors documented for develaopedkets
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Table 1.- Summary statistics for weekly excess market returns

Summary statistics for weekly excess market returns

. LB(6
Mean Variance Skewness | Kurtosis JB test LB6 squa(lrés
Argentina -0.0540 28.634 -0.7764 8.983( 1493726 28.755 351.818"
Brazil -0.6793 37.848 -0.8169 6.1114 482773| 125.61" 529.395"
Peru 0.1962 18.566 -0.1714 7.4347 77323| 16.309 430.190
Mexico -0.0125 20.939 -0.8160 9.762( 1891719 41.583" 219.274"
Chile 0.0370 11.634 -1.3262 16.4000 7293765 34.061 186.583"
China -0.0791 23.981 -0.2772 5.5507 236:97| 18.039 173.18T
Indonesia -0.1887 49.361 -0.9430 18.2808 8247716 80.460" 448.258"
Malasia -0.0414 19.159 -1.0231 25.297p  17443.3 97.788" 333.309"
Thailand -0.1412 29.283 -0.0942 6.7539 491°50| 51.946" 582.739"
India 0.1616 16.743 -0.4341 5.3039 210°88| 40.135" 191.021"
Korea -0.0223 33.480 -0.9590 14.4785 4711796 49.281" 224.261"
Phillipines -0.0664 18.211 -0.6377 7.7093 828718 | 28.445 167.802"
Taiwan -0.0053 15.345 -0.0327 4.8784 127791| 19.068 86.06T1
Egypt 0.1047 15.759 -0.5329 6.7209 521720| 74570 | 266.139"
Morocco 0.1831 6.206 -0.4811 5.9916 34359 | 34.917 235.534"
South Africa | -0.0667 16.434 -0.2080 7.6092 745718| 22.392 519.180
Hungary 0.0299 28.698 -1.1089| 11.4632 2663713 46.434" | 123.216"
Poland -0.0882 24.959 -0.4728 5.9675 33748| 27.847 216.849
Turkey -0.5001 55.551 -1.1520|  16.689% 670463 28.463 92.247"
Czech 0.1323 16.434 | -0.6497| 8.8403 1245744 31.395 | 329.386"
Republic
Russia 0.0161 57.533 -0.1659 7.536( 719768| 36.294" 455.897"

MSCI Asia -0.0674 12.245 -0.5714 5.8074 319.70| 35.425" | 309.663"
MSCI Europe| -0.0941 20.590 -0.4939| 11.3768 247502 52.336" | 561.192"
MSCI Latin

America
This table shows the statistics for the sample usdde study. Panel A presents the statisticefmess
market returns (multiplied by 100) in each counfPanel B presents the statistics for the risk-fage
returns in each market. J-B test is the Jarque-Besa for normality. L-B (6) is the Ljung-Box
autocorrelation test including six lags for theiegrin levels. L-B (6) squares is the Ljung-Box
autocorrelation test including six lags for theie®in squares.***, ** and * represent significanat 1%,
5%, and 10% levels.

-0.0023 19.154 -0.8682 9.6571 1646.79 47.227" 513.575"




Table. 2- Estimations for the MSCI index using the GARCH-M and RS GARCH-methodology. (T-statsin
parenthesis). *** ** * represents significance at 1%, 5% and 10%.

This table shows the estimations for the interceiat risk aversion parameter and the shock pensistia

the emerging markets considered using the symmedriance specification. T-stats in parenthesis, **

GARCH-M RS-GARCH-M
Par amete J State k=1 State k=2
r C L Persist. . )
(t-stat) C /11 Persist. C /]l Persist.
Argentina | 0.0033 -0.0077 -0.6094 0.0939” -0.8429 -0.0058
9 16648) | (-1.4123) | 999 | (05204 | (0765) | 0974 | (.0.4925) | (-0.1900) | 01631
Brazil -0.0003 -0.0160™ -3.8899° 0.3283" -0.3735 -0.0356
-01192) | (22417) | %990 | (18706) | (21170) | 99 | (0a452) | (1.1974) | 0240
Peru 0.0034 -0.0134 -2.082"" | 0.0930"" 12366 | -0.0287
(10102) | (-04042) | 0939 | (30000) | (26489) | 9990 | (a2506) | (-ra156) | 08906
Mexico 0.0048"~ -0.0092 -1.3327 0.0278"~ 0.7536 | -0.0055
2.0823) | (-06837) | 99 | (20e39) | (20743) | % | (308a1) | (02179) | 08653
Chile -0.0025 0.0278 -1.9582 | 03749 -1.6822 | 0.0245
(-11054) | (11145 | 99982 | (160700 | (20506) | %97 | (290749) | (16416) | 0127
China 0.0017 -0.3891 -1.1206 0.7943° -1.007T | 0.0061
(07048) | (-03468) | ®9" | (15005 | (16oa9) | @934 | (1gis5) | (07329) | OO
Indonesia| 0.0019 0.2078 -1.6542 0.9417 -1.0883 | 0.0069
(10531 | (03460) | 985 | (1spary | (16534) | 08 | (18s17) | (0.8024) | 009
Malaysia | 0.0013 0.4308 -0.2799 0.0069 0.6476 0.0043
Y (12275 | (04836) | 9998 | (13606) | (0.2058) | %% | (25419 | (04530) | 09725
Thailand | 0.0020 -0.3323 -22689" | 0.1119" [ oo | -0.4497 0.0535 0.8403
(0.8707) | (-0.3157) | 09982 | (-2.0499) | (2.2787) ' (-0.7871) | (1.4824) :
India 0.0022 0.3082 0.2172 0.1188 | oy0 | -1.8606~ | 00586 01971
(0.9382) | (0.1999) | 09737 | (0.1700) | (1.8061) ' (-2.4293) | (0.6636) ‘
Korea 0.0006 0.6988 -0.8231" 0.0244 0.9789 0.7654"" 0.0012 0.9492
(0.3642) | (0.9322) | 09837 | (-2.1287) | (1.9266) ' (2.9612) | (0.1305) }
Phlllpplne 0.0004 0.6996 -0.4497 0.1119™ 0.9723 -2.2689" 0.0535 0.7873
s (0.1378) (0.4227) 0.9665 -(0.7871) (2.2787) (-2.0499) (1.4824)
Taiwan 0.0015 0.2053 -1.5389™ 0.0508" 0.9629 0.5468 0.0370 0.3070
(0.7407) | (0.1443) | 09709 | (-2.0643) | (1.6628) ' (15661) | (0.6903) :
Eavpt -0.0013 1.0308 174537 | 00519 07881 | 0.0112
WP 2003 | (2702 | osses | (33060) | (oo7ay | %979 | (aeaan) | (osazp) | 07388
Morocco | 0.0010 1.3871 -0.826" | 00998 [ oo | 08595 [ -00470 [ oo
(0.7648) | (0.5496) | 0.9370 | (-3.8264) | (2.0660) ' (2.9842) | (-0.8947) }
SO-Uth -0.0012 1.5616 -1.4903" 0.0672" 0.9649 0.4619 0.0165 0.6798
Africa (-0.5483) (0.9941) 09630 | (-1.9311) (1.8277) (1.6020) | (0.6672)
Hunaoar 0.0022 0.1386 -0.7771 0.12317 -2.3796 | 0.0306
gary (0.7426) | (01255 | 09481 | (04731) | 7172) | 9% | (27573) | (0.8aan) | 0030
Poland 0.0004 0.1476 -2850" | 00952 [ (ooe, | 094207 [ -00244 | oo
(0.1365) | (0.1576) | 0.9601 | (-2.6421) | (2.0089) ' (2.3069) | (-1.1923) :
Turke 0.0041 -1.3477 -12.154" | 05208 11348 | -0.0267"
Yl 0om3) | (15430) | ©970 | (agss) | aoia) | 98 | (Laoo0) | (p.at0e) | 02182
Czech 0.0039" -0.7682 0.1893 00795 | (gssg | L4449 | 00245 01839
Republic | (1.7196 | (-04747) | 09306 | (0-3387) | (1.7160) (-1.6520) | (0.9446)
Russia 0.0045" -0.3516 -8.7147 | 0.1307" 0.9585 0.7273" 0.0109 09023
(1.6775) | (-0.5465) | 09898 | (-11.014) | (6.7283) ' (2.0076) | (1.3975) }
MSCI -1.3243 | 05028 -0.1258 | -0.0195
. 0.0009 0.6225 0.9874 . . 0.9877 ‘ : 0.1757
Asia (0.7896) | (0.5238) (-1.6044) | (2.0055) (-0.1643) | (-0.4128)
MSCI -1.1167 0.0428 0.6415 -0.0198
0.0001 01216 | 09728 . ' 0.9713 : : 0.9326
Europe | (-0.0188) | (-0.1098) (-1.9689) | (1.2895) (2.3894) | (-1.3140)
MSCI 0.0002 0.5455 6.9891 0.7638" 1.5876** | 0.0189
A'-at'f‘ (00713) | (0.3832) | 09%C | (126a7) | (L7149) | 09974 | (20133 | (0.7707) | ©006%
merica

** and * represent significance at 1%, 5%, and 1@%&ls. Persist. means the persistence of an
unexpected shock in the market volatility andamputed as the sum of the parametet$) in the
variance equation.




Table 3.- Summary statistics for standardized residuals

Index Model SrtGaST((jj Mean | Variance | J-B test L-B (6) t-s;a(;[.for t-s|t_|a1t.for
One | -0.0052 | 0.9987| 1046 | 53.17" | 0.1072 -
GARCH ad
2
(5. | 09991 | 3.2501 63235 17.991 - 0.9899
MSCI '
ASIA
Rs. O | 00055 | 1.0328| 76487 | 23.164 | 0.8704 -
GARCH | [P, | 10325 | 23578| 14148 | 6.5294 : 0.8031
One | -0.0021| 1.0003| 20879 | 37.35" | 0.9483 -
GARCH DZ
MSCI me | 0.9996 | 3.9287| 85573 | 13.8586 - 0.9959
EUROPE ns. | Dme | 00086 | 1.0548| 31189 | 23911 | 0.6701 -
GARCH | [ | 10566 | 3.1097| 30146 | 0.1861 : 0.5839
O | 00418 | 099375 23174 | 30.683 | 0.2001 -
GARCH 2
MSCI Dm,t 0.9994 | 3.9964| 112873 | 12.9796 - 0.9931
LATIN -
AMERICA RS 0. | 00098 | 10895 3536 | 22.056 | 0.7829 -
2 7 .
GARCH | [P | 10809 | 3.5056| 0% 27| 27955 - 0.4322

This table shows the statistics for the standaddi@ssiduals (] =¢  / /hn ) for both models used:

GARCH-M and RS-GARCH. J-B test is the Jarque-Best for normality. L-B (6) is the Ljung-Box
autocorrelation test including six lags. This aissts the first two moments of the standardizettivass
to validate consistent estimations of the QML prhoe from deviations to normality. .***, ** and *
represent significance at 1%, 5%, and 10% levels.



Table 4.- Estimations for the MSCI index using the GJR- GARCH-M and GJR- RS-GARCH-methodol ogy.
(T-statsin parenthesis). *** ** * represents significance at 1%, 5% and 10%.

This table shows the estimations for the interceiat risk aversion parameter and the shock pensistia

GARCH-M RS-GARCH-M
Paramete J Persisten State k=1 State k=2
r C h ce Persisten Persisten
(t-gat) c Al ce c Al ce
Argentina | 0.2465 -0.0104™ -0.5065 0.0906" 0.6784 -0.0078
9 (11983) | (-1.0959) | ©9%%7 | (o04sa8) | (20031 | %974 | (.0.9280) | (-0.4925) | 018%5
Brazil 12171 | -0.0621"" -3.8809" 0.3277" -0.3739 -0.0356
2.0806) | (-47613) | %13 | (17449) | (1os18) | 9% | (04412) | (-r1505) | 02463
Peru -0.2428 0.0267 -2.0797" | 0.0929™ 123687 | -0.0287
(-10764) | (1.0729) | 0998 | (37862) | (2.8484) | 9990 | ‘38078 | (1.2078) | 0899
Mexico 05719 -0.0235 250017 | 0.09817" 077787 | -0.0109
©02266) | (0.0145) | 9931 | (3eag6) | (28701) | 08766 | (38334 | (08750) | 0622
Chile -0.2428 0.0267 -1.0830° 0.0830" 0.6728" -0.0215
(-10764) | (1.0729) | 99986 | (10072) | (1oss0) | O9%3 | (33803) | (-L3074) | 09070
China 0.3981 -0.0142 12315 | 01910° 05112 | -0.0026
05491) | (-0.7097) | 9976 | (13072) | (17866) | %987 | (.07200) | (-0.1183) | 02833
Indonesia| 0.2201 -0.0050 -8.4867 | 10324" | oo, | -10759 0.0072 | 0s
(11952) | (-0.7771) | 09777 | (-1.0467) | (3.0577) : (-0.3190) | (0.0436) .
Malasia | 0.1032 0.0028 06455~ | 00082 | oo | -0.2349 0.0054
(1.0026) | (0.3204) | 09935 | (3.6438) | (0.2612) : (-1.2471) | (0.3606) | 09721
Thailand 0.1284 -0.0051 -0.2359 | 0.0674™ 0.9832 -0.3847 -0.0137 0.8897
(05397) | (-04463) | 09871 | (-0.4102) | (2.1222) : (-0.6931) | (-0.7104) )
India -11.2257
0.2772 -0.0025 - (("31%31) 0.9999 (8%@8) ((1"2%% 0.7360
(1.2178) | (-0.1666) | 0.9687 | 20.2009) : ) :
Korea 0.0009 0.0021 -0.8469™ 0.0242° 0.9793 0.7807" 0.0013 0.9943
(0.0054) | (0.2946) | 09747 | (-2.3028) | (1.6435) : (1.9605) | (0.0619) :
Phillipine | 00708 | -0.0013 03445 | 01107 | gg739 | -19929° | 00456 | (8012
s (0.3046) | (-0.0769) | 09587 | (-0.4684) | (1.6971) (-35068) | (1.6290)
Taiwan 0.2141 -0.0068 -1.7062" | 00601 | o, | 05258 00387 | 065
(09112) | (-04135) | 09708 | (-2.2161) | (1.6903) : (11218) | (0.5164) :
Eqgypt 0.0139 -0.1422 081517 | 0.0267 13689 | -0.0238
ayp (15272) | (-13135) | 10071 | (42283) | (15545) | 999 | (3.7862) | (-0.9963) | 09242
Morocco 0.1287 0.0065 -0.7708™ | 0.0830° 0.9349 0.8995 -0.0463 0.9186
(0.0243) | (0.0243) | 09382 | (-3.4016) | (1.7333) : (2.8602) | (-0.8154) :
South 0.0001 0.0025 -1.5907"" | 00663 | gg772 | 0.4485 00236 | 05980
Africa (0.0006) | (0.1469) | 09231 | (-2.5682) | (1.9340) (19100) | (1.1818)
Hunoar 0.2227 -0.0068 -15550 | 01707 14575 | 0.0309
98 | 0aas0) | (06371) | 00433 | (12636) | (Lozse) | ©98% | (pooae) | (1eisa) | 0342
Poland 0.0369 0.0007 -1.9868" | 00397 | o.o0 | 00898 0.0277 | 0397
(0.1440) | (0.0738) | 09591 | (-2.1793) | (1.6503) : (0.0181) | (0.0689) )
Turke 0.4060 -0.0143” -2.1126 0.0762" -0.2158 -0.01917
y (Loesl) | (2144 | 09703 | (13860) | (1ess8) | 9%l | (02013) | (-19307) | 0748
Czech | 03081 | -0.0142 0.2329 00719 | Qo305 | -1.1934" | 00215 | 1772
Republic | (1.6908) | (-0.8269) | 0.0082 | (0.2211) | (0.4884) (-2.1098) | (1.0363)
Russia 0.4428 -0.0037 01313 | -00002 | gou, | L1275 -0.0043 [ ooa0
(16442) | (-05830) | 09893 | (-0.2300) | (-0.0203) | (1.8828) | (-0.2979) :
MSCI 0.1637 -0.0101 12134 | 04734 | gog71 | 0.1510 -0.0307 | 01339
Asia (1.3389) | (-0.8105) | 0.9716 | (-1.2538) | (1.7354) (0.4284) | (-1.1566)
MSCI 00125 | -0.0038 13635 | 00711" | oogag | 25780 | 00221 | gouso
Europe | (0.0698) | (-0.3297) | 0.9660 | (-2.3256) | (2.0025) (2.0865) | (.1.5195)
MSCI
. -0.0082 0.0805 -1.7886 0.1509 104221 | 0.0245
A'-at'f‘ (-05151) | (0.3309) | 09163 | (2.9304) | (0m485) | O | (03206 | (13025 | 0042
merica

the emerging markets considered using the asynunetriance specification. T-stats in parenthegis. *
** and * represent significance at 1%, 5%, and lle¥els.



Table 5.- Estimations for the MSCI index using the GARCH-M and RS-GARCH-methodology without
including constant. (T-stats in parenthesis). *** ** * represents significance at 1%, 5% and 10%.

LATINOAMERICA
Par ameter GARCH-M RS-GARCH-M
(std. error) State k=1 State k=2
Country BRA ARG PER BRA ARG PER BRA ARG PER
- 0.0299" | 0.0227" o -0.0103
A .0.0034 | 00164 | 00100 | (25970) | (2.5276) 02'0333(?2 ‘g'gggg (-1.2474) 8‘22%?
(-0.9746) | (-4.5717) | (1.0480) (2.3202) | (-1.5287) (0.1471)
Country CHI MEX MSCI CHI MEX MSCI CHI MEX MSCI
LATIN LATIN LATIN
o . o -0.0081 | -0.0247
R 0.0416 0.0509 0.0502 -0.0091
0.0029 0.0142 0.0046 (-0.6510) (-
(02870) | (1.9421) | (0.5831) (2.2275) | (2.3994) | (2.0400) | (-0.7313) 15677)
ASA
Par ameter GARCH-M RS-GARCH-M
(std. error) State k=1 State k=2
Country CHI INDON | MAL CHI INDON | MAL CHI INDON | MAL
/11 0.0033 0.0059 0.0104 | 0.0275" | 0.0592"" | 0.0820"" | -0.0162" | -0.0085 | -0.0087
(0.4884) | (1.2332) | (1.5173) | (2.0109) | (4.0240) | (4.4463) | (-2.0097) | (-1.4869) | -(1.0901)
Country THAI INDIA | KOR THAI INDIA KOR THAI INDIA KOR
/11 0.0040 0.0155" | 0.0089° | 0.0245 0.0650" | 0.0337"" | -0.0110 -0.0243 | -0.0030
(0.6330) | (1.8953) | (1.6602) | (1.9556) | (2.2727) | (2.8609) | (-1.4344) | (-0.8771) | (-0.3862)
Country PHIL TAIW | MSCI PHIL TAIW MSCI PHIL TAIW MSCI
ASA ASA ASA
P 0.0090 0.0109 0.0132 | 0.0397"" | 0.0457" | 0.0853" | -0.0173 -0.0138 | -0.0227"
1 (1.1150) | (1.3831) | (1.3269) | (3.1041) | (2.4795) | (3.9435) | (-1.8609) | (-0.9572) | (-2.0111)
EUROPE
Parameter GARCH-M RS-GARCH-M
(std. error) State k=1 State k=2
Country | CZECH | HUNG POL | CZECH | HUNG POL | CZECH | HUNG POL
P 0.0156" 0.0086 0.0025 | 0.04277 | 00281 | 111547 | -0.0150 | -0.0193" | -0.0055
1 (1.8596) | (1.4797) | (0.4875) | (2.7466) | (2.0847) | (3.6167) | (-1.0595) | (-2.1362) | (-1.0552)
Country RUSS | TURK | MSCI RUSS | TURK MSCI RUSS | TURK MSCI
EURO EURO EURO
p -0.0014 | 00184 -0.0055 0.0205 -0.0014 | -0.0098" | -0.0084
1 0.0033 -0.0072" (- (1.7901) | (-0.7475) | (1.3067) | (-0.2689) | (-1.6814) | (-0.9834)
(0.8056) | (-1.8645) | 0.1990)
AFRICA
Par ameter GARCH-M RS-GARCH-M
(std. error) State k=1 State k=2
Country MOR EGYP SOU MOR EGYP SOouU MOR EGYP SV
AF AF AF
P 0.0104 0.0040 0.0089 0.0539" 0.0130 | 0.0616™ | 0.0223 -0.0096 | -0.0132
1 (1.5173) | (0.6218) | (1.1349) | (1.6552) | (1.2054) | (3.5583) | (1.4414) | (-0.4153) | (-1.0773)

This table shows the estimations for the risk deerparameter in the emerging markets considered in
the symmetric case omitting the constant term énntiean equation. T-stats in parenthesis. ***, rid&
represent significance at 1%, 5%, and 10% levels.



Table 6.- Estimations for the MSCI index using the GJR-GARCH-M and GJR- RS GARCH-methodol ogy
without including constant. (T-statsin parenthesis). *** ** * represents significance at 1%, 5% and 10%.

LATINOAMERICA

Par ameter GARCH-M RS-GARCH-M
(std. error) State k=1 State k=2
Country BRA ARG PER BRA ARG PER BRA ARG PER
P -0.0336" | -0.0073 0.0064 0.0214 0.0070 | 0.0326™ -0.0413 -0.0093 -0.0160
1 (-7.0351) | (-1.7552) | (0.6470) | (1.3816) | (0.5363) | (2.3744) | (-0.5913) | (-0.7125) | (-1.376)
Country CHI MEX MSCI CHI MEX MSCI CHI MEX MSCI
LATIN LATIN LATIN
0.2910 0.0056 -0.0038 | 0.0312" | 0.0323" 0.0255 -0.0260 -0.0113 -0.0159
(0.2741) | (0.7745) | (-0.431) | (1.7331) | (1.7605) | (1.3195) | (-1.5689) | (-1.2577) | (-1.578)

ASA
Parameter GARCH-M RS-GARCH-M
(std. error) State k=1 State k=2
Country CHI INDON | MAL CHI INDIA | MAL CHI INDIA MAL
/11 -0.0027 -0.0004 0.0076 | 0.0428" | 0.0217 0.0278 | -0.0439" | -0.0164 -0.0033

(-0.4240) | (-0.0884) | (1.0269) | (2.9401) | (1.7528) | (1.2406) | (3.2648) | (-1.186) | (-0.2599)

Country THAI INDIA | KOR THAI INDIA | KOR THAI INDIA KOR

/11 -0.0004 0.0137 0.0021 0.0199 | 0.0561" | 0.0209 -0.0008 | 00064 -0.0102
(-0.0611) | (1.6408) | (0.3429) | (1.4150) | (2.2478) | (1.2333) | (-1.2041) | 5(1'9 4) (-0.9600)
Country PHIL TAIW MSCI PHIL TAIW | MSCI PHIL TAIW MSCI
AS A AS A AS A
P 0.0033 0.0062 | -0.0032 | 0.0297" | 0.0434" | 0.0463" | -00131 | -0.0129 | -0.0112
1 (0.4033) | (0.7689) | (-0.431) | (2.1527) | (2.2992) | (2.0185) | (-1.1998) | (-1.218) | (-0.9485)
EUROPE
Par ameter GARCH-M RS-GARCH-M
(std. error) State k=1 State k=2
Country | CZECH | HUNG POL | CZECH | HUNG POL | CZECH | HUNG POL
p 0.0098 0.0003 0.0018 | 0.04507 | 0.0200 0.0054 -0.0217 | -0.0062 0.0038
1 (1.0895) | (0.0517) | (0.2997) | (2.8740) | (-0.688) | (0.3914) | (-1.5636) | (1.2479) | (0.4984)
Country RUSS | TURK MSCI RUSS | TURK | MSCI RUSS | TURK MSCI
EURO EURO EURO
P 0.0067 | -0.0081" | -0.0032 | 0.0192" 0.0020 0.0084 -0.0190 | -0.0159 -0.0076
1 (0.8658) | (-2.0835) | (-0.431) | (1.9619) | (0.3037) | (0.5263) | (-1.4980) | (-1.419) | (-0.9216)
AFRICA
Par ameter GARCH-M RS-GARCH-M
(std. error) State k=1 State k=2
Country MOR EGYP SOU MOR EGYP SOuU MOR EGYP | SOU AF
AF AF
P 0.0263" 0.0067 0.0025 0.0424 | 005417 | 0.0491"" 0.0257 -0.046"" -0.0065
1 (1.9221) | (0.8658) | (0.3150) | (0.9808) | (3.8911) | (2.1914) | (1.2030) | (-2.869) | (-0.5017)

This table shows the estimations for the risk deerparameter in the emerging markets considered in
the asymmetric case omitting the constant terrhémhean equation. T-stats in parenthesis. *** aftid
* represent significance at 1%, 5%, and 10% levels.
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Figure 1.A.- Charts showing the smooth probabitifybeing in a low volatility state in each country

during the period 1995-2010 in Latin American EnreggMarkets.
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Figure 1.B- Charts showing the smooth probabilitybeing in a low volatility state in each country

during the period 1995-2010 in Asian Emerging Mtgke
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Figure 1.C- Charts showing the smooth probabilitybeing in a low volatility state in each country

during the period 1995-2010 in European Emergingkista.
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Figure 1.D- Charts showing the smooth probabilitybeing in a low volatility state in each country

during the period 1995-2010 in African Emerging kéds.



