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Abstract

We analyze the time-variations of conditional clatiens between selected Latin American emerging- ma
kets and between them and the World stock markgirther shed light on the issues of capital markes-
gration and portfolio diversification. The cross4iket correlations are empirically estimated frore tangle
(2002)'s DCC-GARCH model. Bai and Perron (2003}sictural break analysis technique is also employed
to test for possibly changing nature of stock madamovements. Main findings of the paper are devis.
First, the degree of cross-market comovements @thoger time and has significantly increased site@4
and onwards, which is to the large extent inforreatf increasing market integration. Despite tlgaiicant
interdependencies among the studied markets, rasnmfernational portfolio diversification neveriless
seems largely possible. Second, it is demonstitéi@dthe cross-market comovements are subjectgdrto
ous regime shifts due essentially to major stockketaevents. Finally, the purpose that stock marketve
much more together in times of crisis than in ndrtimes can not be rejected according to our erogirevi-
dence.

JEL Classification: F37; G15

Keywords: Stock market comovements, Latin American emergimaykets, Multivariate GARCH models,
Structural breaks.



1. INTRODUCTION

Studies on the time-variation and nature of inteomal stock market comovements have
recently gained ground in international financerhtture. This increase of interests and mo-
tivations can be explained by various reasonsthmitnost relevant of all include the inter-

national portfolio diversification issues and tleeurrence of financial crises that occurred

in both developed and emerging countries duringl®®0’s decade.

As far as the portfolio diversification is concedneave already acknowledge that, ac-
cording to the basic lessons drawn from both thameriance framework of Markowitz
(1958) and the Capital Asset Pricing Model (CAPM)veloped by Sharpe (1964) and
Lintner (1965), investors, either individual or iitistional, can reduce the volatility of their
portfolios through allocating their investmentsviarious classes of financial instruments,
industries and other categories of assets thatdvoave in different ways in response to
the same event. In other words, diversificationdiés can be achieved because a portfo-
lio’s performance depends not only on the returth @k characteristics of the assets being
held in the portfolio, but also on the correlati@mn comovement) of these assets. The lower
is the correlation between assets; the higheraréliversification gains. Based on the same
rules, diversifying internationally the portfolies beneficial to investors only if stock mar-
kets in different countries do not move togethdnug, the portfolio diversification issue
naturally raises the question of investigating takationship between international stock
markets. The ongoing process of globalization, kkao the market openings decisions in
many emerging market countries in the late 198@k the resulting cross-border capital
flows, also contributes to further expand the #tare on stock market comovements. In-
deed, since emerging markets are now accessibleréggn investors and they become
more integrated into the world stock market (eBekaert and Harvey, 1995; Gerard and
al., 2003; Carrieri and al., 2005), it is intriggito question whether diversification benefits
documented by Grubel (1968), Levy and Sarnat (19t@¥sard (1973), and Errunza
(1977) have been significantly reduced.

The recurrence of financial crises during the 199fecade, as we mentioned above, is

another reason simulating the appetite of reseesdbe studying the comovement of inter-



national stock markets. The rationale behind thisetite lies on the fact that financial insti-
tutions and policymakers would like to measure ititensity of the interdependences be-
tween national stock markets and thus to have iabtel management of contagion risk
which results from potentially harmful spillover§wwlatility across markets in time of dis-

tresses or crisis.

For instance, a number of theoretical and empistadlies have employed a wide vari-
ety of methods and data frequencies at both fircth@untry levels to model the comove-
ment of international stock markets and searchedhi® reasons behind this phenomenon.
The focus was mostly on the correlations and tbeksteturn and volatility spillovers be-
tween stock markets around the world. Since ttegaitire is so abundant to be reviewed
exhaustively here, we only provide a brief revieinth®e most relevant works in the follow-

ing paragraphs.

In an earlier paper that opens the debate on ttenpal benefits of international diversi-
fication, Grubel (1968) develops a model of inteioraally diversified portfolios where in-
vestors hold both domestic assets and assets desteahiin foreign currency from eleven
industrial countries. According to the author’sdings, international diversification of port-
folio constitutes a possible source of welfare gdor individual investors and this in-
creased performance comes from the low correlati@teeen selected countries. Levy and
Sarnat (1970), Lessard (1973) and Errunza (1980 @kamine the international diversifi-
cation potential, but the analysis is more gendua to the simultaneous treatment of de-
veloped and developing countries. Their empiriegutts show the superiority of portfolios

which are not limited to only securities issueddayeloped countries.

In the spirit of the aforementioned papers, therditure focusing on the comovement of
international stock markets has grown rapidly amdudes, among others, Eun and Shim
(1989), Hamao andl. (1990), Karolyi (1995), Richards (1995), Harva$95), Forbes and
Rigobon (2002), Johnson and Soenen (2003), Hsid4)2@Bekaert andl. (2005), Morana
and Beltratti (2006), Gilmore aral. (2006), and Syriopoulos (2007). We generally olose
that in recent works, the concept of comovemener®wot only the correlations, but also

the spillovers of stock returns (or prices) andawtity across equity markets. As a result,



empirical strategies such as Granger (1969)’s diyisgast, Sims (1980)’'s vector autore-
gressive models, Engle and Granger (1987)’s coiatem test and ARCH/GARCH meth-
odology are largely employed. For example, Hama an (1990) explore the relation-
ships between three marketplaces New York, Londwth Bokyo from an ARCH-type
model and find significant spillovers of prices apdce volatility. In Gilmore andal.
(2007), dynamic cointegration and principal compusenethods are applied to investigate
the short-term and long-term comovements betweeodean developed markets and those
of three Central European countries. Overall, masults from the majority of these stud-
ies can be summarized as follovissignificant comovements are observed among world
stock marketsii) there is evidence of a positive relation betweemelation and volatility,
that is, correlations between international stoctkats tend to be important in periods of

high volatility or in the times of financial trouds.

Some papers have empirically examined the timetvgrieature of international stock
market comovements and searched for their detentsn@.g., Longin and Solnik, 1995;
Erb andal., 1994; Karolyi and Stulz; 1996; Bae and al., 2003)r instance, using a
GARCH model specification, Longin and Solnik (19%ks)cument an increasing trend in
the correlations among international equity marlkatd note that the correlation between
these returns was dynamically changing in theieaesh. Karolyi and Stulz (1996) studied
the United States and Japan indices. They discowariglence of changing correlations in

the daily returns of these countries.

The issue of equity market comovement in Latin Aiceehas been investigated by sev-
eral studies. For instance, Choudry (1997) employis root tests, cointegration tests and
error correction models to examine the long-rumtiehship between six Latin American
markets and the US market, and finds evidence iotegration relationship and significant
causality among these markets. In the same veien @hdal. (2002) investigate the inter-
dependencies of six equity markets in Latin Ame(isegentina, Brazil, Chile, Colombia,
Mexico and Venezuela) and document that divergitioabenefits are limited when invest-
ing in these markets particularly due to their hagimovement. Christofi and Pericli (1999)
show evidence of significant cross-market linkaigefsve Latin American markets (Argen-



tina, Brazil, Chile, Columbia and Mexico) from coming a vector autoregressive (VAR)
model with a multivariate exponential GARCH procekshnson and Soenen (2003) exam-
ine the cross-country comovement for eight Ameriegnity markets with the US market
using the Geweke (1982)’'s measure of contemporantdback between return series.
Their sample includes equity markets from ArgentiBeaazil, Chile, Mexico, Colombia,
Peru, Venezuela, and Canada. They find a stafigtismnificant linkage between eight
equity markets of the Americas and the US stockketafFinally, in a recent paper, Fujii
(2005) studies the intra and inter-causal linkage®ng eight emerging stock markets in
Asia and Latin America. Four Latin American marketsluded in the sample are Argen-
tina, Brazil, Chile and Mexico. Using standardizediduals estimated from an autoregres-
sive process and a GARCH(1,1) model to calculaedbkidual correlation functions for the
first and second moments of the stock returnsatitbor finds the existence of significant
causal linkages both within each region and actlesgwo regions. In addition, the causal

linkages are found to be stronger during the tifne&or financial crises.

Our paper joins the above literature by focusinglmaggregate stock market comove-
ments. We empirically investigate the comovemesuesin the context of Latin American
emerging markets since they rank among the mostirmamarkets within the universe of
emerging countries and they actually attract ai@ddr attention from global investors
thanks to their great market openness. We congituthe related literature in several as-
pects. First, instead of modeling the comovemenVBR and realized correlations as in
past studies which capture the causal linkagesdbutot permit to quantify the comove-
ment, this paper directly infer the cross-markekdige from the stock data using a multi-
variate Dynamic Conditional Correlation GARCH mo¢@elCC-GARCH). Second, we are
interested in dating the structural breaks in theipaths of the conditional correlation in-
dices to highlight whether the cross-market comaaminencompasses significant changes
in nature or not. Finally, our methodology enalfes investigation of the differences in

stock market comovements between normal and @eisds.

Overall, our findings indicate a clear upward tremaorrelation from 1994 and onwards

as a result of market liberalization and increaglethalization. Interestingly, there are sud-



den increases in conditional correlation followthg Asian and Brazilian financial crises in
1997-1998 and, to less extent, the stock markehara1987 and the Latin American mar-
kets crises in 1994 and 2001. The results fromsthbility test typically reveal that struc-
tural breaks are present in the time-path of tlwssimarket conditional correlation series
and often coincide with major stock market evenitshsas financial market liberalizations,
ADR introduction and crisis. Finally, our findingsipport those of previous works because
they evidence that the inter-market comovement® wignificantly higher during the crisis

period than during the tranquil period.

The remainder of the article is organized as folo8ection 2 describes the data em-
ployed in the paper. Section 3 presents our engpirieethodology. Section 4 reports and

interprets the empirical results. We provide somectuding remarks in Section 5.

2. DATA

Given the aim of the article, the data used arenonthly basis and consist of the S&P’s
IFCG total return indices for the six main Latin Arican emerging markets and the MSCI
World stock market index, sampled over the periadudry 1985 to August 2005. The
Latin American emerging markets studied are: ArgetBrazil, Chile, Colombia, Mexico,
and Venezuela. All the indices are obtained frontaS&eam International and expressed
in American dollars. They are converted to retusing the log price relative filter. De-

scriptive statistics and stochastic properties ohthly returns are presented in Table 1.
[Please insert Table 1 about heie

Panel A reveals a number of interesting facts. Cameghbto World market, Latin Ameri-
can emerging markets have higher returns and Géide has the highest monthly return
followed by Colombia and Mexico. Argentina has thghest standard-deviation followed

by Brazil and Venezuela.

The Engle (1982)’s test for conditional heterosstiday rejects the null hypothesis of
no ARCH effects for Argentina, Brazil, Colombia aktéxico. Skewness is mostly nega-

tive and kurtosis is above three. The Jarque-Bestdtatistic (JB) strongly rejects the hy-



pothesis of normally distributed returns. Thesddatipport our decision to use the quasi-
maximum likelihood (QML) approach of Bollerslev awboldridge (1992) to estimate and

test the model.

The null hypothesis of no autocorrelation of ord@l2ris rejected for Chile, Colombia and
Mexico. The first autocorrelation (reported in PlaBgis highly significant for these coun-
tries, which suggests that we need to include do-i@gressive correction in the mean

equations.

Panel C reports the unconditional correlations agnorarkets. As expected, there is a
positive correlation between stock markets. Thend&sg unconditional correlation is be-
tween Chile and Mexico (43.34%) and the lowest isr@etween Argentina and Colombia
(7.00%). The values of the unconditional correlagi@re clearly low. This suggests that

there are still benefits from diversification acsdsatin American emerging markets.

3. METHODOLOGY
3.1 Modeling dynamic conditional correlation

Finance literature on modeling the volatility of eming stock market volatility has been
extensively developed thanks to ARCH/GARCH-type elsdwhich are respectively in-
troduced by Engle (1982) and Bollerslev (1986). Examples of application include,
among others, Bekaert and Harvey (1997,2000), Kith%ingal (2000), Miles (2002) and
Jayasuriya (2005). As pointed out by past studig§SRCH models appear to successfully
describe the stochastic properties of stock retamt correlation (i.e., time-variation and

persistence).

In this paper we rely on the time-varying corraaticoefficients estimated from a mul-
tivariate DCC-GARCH model developed by Engle (2062)measure the comovements
between Latin American emerging markets, and betvieem and the world stock market.
This model is obviously suitable to our problem dgse it allows us to directly infer the
cross-market conditional correlations and to aubigl proliferation of parameters to be es-
timated in full parameterization of BEKK GARCH.



Assume that stock market returns from khgeries are multivariate normally distributed
with zero mean and conditional variance-covarianggrix H;, our multivariate DCC-

GARCH model can be presented as follows:

{rt:,ut+€t, ell, » NOH,) M

Ht = DthDt

In these formulast, is the kx1) vector of the returns on stock market indicesis a kx1)
vector of zero mean return innovations conditiomathe information available at tintel;
ty =0 + 04 + 3T, for emerging marketand £y =Auo*Qulwea for the world mar-
ket with r,, denoting the return on world market inde®; is a kxk) diagonal matrix with

elements on its main diagonal being the conditimahdard deviations of the returns on

each market in the sample afr} is the kxk) conditional correlation matrix andD, and

R are defined as follows:
D, = diag(hy;’..hy?) (2)

where h,,

is chosen to be a univariate GARCH(1,1) process;

R =(diagQ)"*Q (diagQ)™* 3)
where Q =(-a-pAQ+au_u_ +A&, refers to akx) symmetric positive definite matrix
with u, =g,/ /h, , Qis the kxk) unconditional variance matrix af,, and a and 3 are
non-negative scalar parameters satisfying 5 <1.

The conditional correlation coefficient; between two marketsandj is then expressed

by the following equation:

P, = l-a- :B)qij tau Uyt :quj t-1 - (4)

((1_ a-p)q; + auiz,t—l + 0 4 )1/2 ((1_ a-p)q; + aujz,t—l + [ ,t—l)

In this formulation,q; refers to the element located in fkie row andjth column of the

symmetric positive definite matrix),. Accordingly, the estimation of the DCC-GARCH



model as described above is can be estimated asiwgp-stage procedure. In the first
stage, univariate GARCH(1,1) model is estimatedefach time series. During the second
stage, the transformed residuals from the firsgjest@.e., the estimated residuals are stan-
dardized by their conditional standard deviatioa® used to infer the conditional correla-

tion estimators. The log-likelihood of the obserwas on¢, is given by

.
L= —%Z (nlog(ZZT) +logD,R,D,| +& Dt_lRl_lD'f_lgt)

t=1

Sinceuy, =gt/\/H=Dt‘le;, the log-likelihood function can be rewritten aidws:

.
L= —%Z(nlog(Zn) +2log|D, | +logR |+, Rl_lut)

t=1

Note that a conditional variance term can be add&dthe mean equation to control for
the risk-return tradeoffs in previous works. Howeuhe majority of these studies found
evidence of insignificant impact of conditional a&blity on stock returns. Lundblad (2007)
studied the same issue over the period from 180®day and concluded that the mean-
variance tradeoffs are only positively significawer a long-term horizon. Accordingly, we
intentionally do not model the in-mean effect ohdiional volatility because we focus on

a short-run comovement between stock and bond rsarke
3.2 Detecting structural breaksin cross-market comovements

Over the last three decades, emerging markets iim lLanerican region have experi-
enced significant reforms on capital markets andoua periods of financial turbulences
such as the Mexican crisis in 1994-1995, the Bigzitrisis in 1998 and Argentinean crisis
in 2001. The cross-market comovements might beestdyl to structural changes. Intui-
tionally, a higher degree of financial openness s@engthen the relationship between in-
ternational stock markets, whereas the depth @infiral crises seriously affected a coun-
try’s economic and financial structure, which inrntdeads to changes in the nature of its

comovements with other countries. Since the chamydbe cross-market comovements

! We effectively attempted to estimate our modehviite in-mean volatility effects in the return gemting
processes and the results are consistent witmauwition and Lundblad (2007)’s findings.



will impact the coordination of two countries’ poymakers and the actions of portfolio

managers, it is important to question the issugtrofctural changes.

In this study we refer to the bilateral dynamic dional correlation as measure of
cross-market comovements and use the Bai and P@0O3)’s testing procedure to inves-
tigate whether the time-varying cross-market comoaets contain structural breaks. The
idea here is to determine the number and locatidmmeaks in a linear regression model.

Suppose there ama breaks 6,...,n) in the time-path of the dependant variable, the
problem of dating structural breaks turns to fihe breakpointsi,...,n,) that minimize

the objective function:

In this formula, RSS is the resulting residual sum of squares basetti@m regressions

as shown by the following equation:
VA :,&(t-r"'gt (t:l,...,n) (5)

where y, is the estimated conditional correlation seriethattimet, x, = (L y,_,)" is the
(2x1) vector of observations of the independenialdes with the first component equal to

unity, 3 is the (2x1) vector of regression coefficientsj anis assumed to bigd (0,0° .)

The structural stability tests as presented abogecancerned with testing the null hy-
pothesis ofho structural breakagainst the alternative that the regression cdiefits vary
over time. The breakpoint selection procedure setleon the Bayesian Information Crite-
ria (BIC). Empirically, we set the maximum numbéroptimal breaks to be 5 and run the
test. However, if the effective number of break®dgial to 5, a higher number of breaks
will be automatically chosen so that the testingcpdure captures all possible breakpoints.

The optimal number of breaks corresponds to thewstrethe lowest BIC score.

10



4. EMPIRICAL RESULTS

This section reports and interprets the resultaiabt from the estimation of our empirical
model. First, we present the estimation resultthefempirical model and investigate the
dynamics of conditional correlations between mark&econd, we take a close look into
the results from structural break tests over themegion period. Finally, as a checking ex-
ercise, we investigate whether our results validataot the purpose that the comovement

between stock markets is larger in crisis times.
4.1 Estimation Results

Table 2 contains parameter estimates and a nunilsiagnostic tests for DCC-GARCH
model. The coefficients relating the return setieshe one-lag local and world returns
(Panel A) are insignificant, except for ColombideTARCH coefficients and GARCH co-
efficients reported in panel B are significant &k countries, except Venezuela. This is on
line with previous results in the literature. Theefficients o are relatively small in size,
which indicates that conditional volatility doestmbange very rapidly. However, the coef-
ficients g are large, indicating gradual fluctuations overdiln addition, the estimates coef-

ficients @ and g satisfy the stationary conditions for all the wsage and covariance processes.

[Please insert Table 2 about heie

Diagnostics of standardized residuals are providgehnel C> One can remark that the
indexes of kurtosis are often lower than thosetierreturns. However, the Bera-Jarque test
statistics for normality indicates that the uncdiodial distribution of the conditionally
normal GARCH process is not sufficiently fat-tailedaccommodate the excess kurtosis in
the data. This result justifies the use of the Qpbcedures. We also compute the Lung-
Box statistic to test the null hypothesis of abgeoicautocorrelation and the Engle (1982)’'s
test of absence of ARCH effects. The results iridithat the DCC-GARCH specification

we use is flexible enough to capture the dynamid¢keconditional covariance matrix.

[Please insert Figure 1 about heile

Z In the multivariate framework, the joint standaeti residuals are given yf = H{]/z‘st .
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Dynamic conditional correlations within Latin Ameain emerging markets and with the
world market are plotted in Figure 1. These cotrefes are relatively low, 21.54% on av-
erage. The average time-varying correlations arte qumilar to the unconditional correla-
tions reported in Table 1. However, the conditionairelations vary considerably over
time and from a couple of countries to another. @lierage of correlations between the
studied Latin American markets and the world mairke?5.30%. The average of correla-
tions within the studied Latin American marketsordy 20.04%. The highest conditional
correlation is between Mexico and Chile (42.75%] #re lowest one is between Argentina
and Colombia (6.76%). Interestingly, it is also etved that the evolution of these correla-
tions witnesses some periods on negative values. Sifould mean high diversification

gains from investing in Latin American emerging ouies.

The most interesting patterns found is that thera clear upward trend in correlation
from 1994 and onwards as a result of market liliaibn and increased globalization. The
lowest average correlation between all studied starkan be found between 1985 and
1993. Interestingly, it can be seen that theresadglen increases in conditional correlation
following the Asian and Brazilian financial crisés 1997-1998 and, to less extent, the
stock market crash in 1987 and the Latin Americamkets crises in 1994 and 2001. The
increased correlation in period of crises may lsgraptom of international contagion. This

point will be further investigated in section 4.3.
4.2 Do Structural Breaks Exist?

In this section, we investigate whether any stmattochange has occurred in conditional
correlations between studied Latin American emeygirarkets and the world market over
the estimation period. We apply the Bai and Pe(B203)’s testing procedure to detect and
date the structural breakpoints in our conditiopatrelations indices. In principle, a
model’s optimal humber of breakpoint®)(is the one associated with the minimum BIC.
Figure 2 plots the BIC for models with breakpoints for our sample markets. The selected
optimal breakpoints for each market and their 95##fidence intervals are reported in Ta-
ble 3.

[Please insert Figure 2 about hefe
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[Please insert Table 3 about heie

The null hypothesis of stability is rejected fot #ie studied markets since the Bai-
Perron’s test detects breakpoints for the six ntarkéor Argentina, five significant break-

points are obtained and for all the other studmahtries four breakpoints are detected.

If we compare the estimated break dates in conditicorrelations reported in Table 3
to the liberalization dates in Table 4, we findtttiee official liberalization dates fall into
the 95% confidence intervals for the estimated lbaste in three markets: Brazil, Colom-
bia and Mexico. As markets open up and become timrlized and integrated with the
rest of the world, one may expect that the con@tadf a country with the world market

increases. Our results confirm partially this opmi

In Chile, the date where the first ADR was introeldds bounded by the 95% confi-
dence interval of the first break date. In Argeatand Venezuela, none of the estimated
break dates is related to market liberalizationnéseFinally, note the break date observed

in all studied markets following the Asian and Blian financial crises in 1997-1998.
[Please insert Table 4 about heie

To sum up, major stock market events such as finhnaarket liberalizations, ADR in-
troduction and crisis have significant impacts loa Latin American emerging markets co-
movements. In general, the conditional correlatibesveen these markets have increased

in recent years as a result of the lifting of bengi
4.3 | sthe cross-market comovement higher in crisis period?

The majority of past studies claim that the comoeetof stock markets is stronger during
the crisis period than during the normal or trahguies. In this paper we test this purpose
through investigating the differences in the legklconditional correlations between two

60-month subperiods. The first sub-period is a rarame starting in December 1989 and
terminating in November 1994, whereas the crisispsuod covers the period from De-

cember 1994 through November 1999 which contaies894-1995 Mexican and the 1997
Asian crises. The Asian crisis is included in onalgsis because it spreads over quickly to

Brazil causing the Brazilian crisis in 1998, andgtto the whole Latin American region.

13



Our method is simple and consists of calculatinghtibe mean and the variance of the
conditional correlation coefficients over two subpds. A one-tail parametric test, called
Z-test, is then applied to compare the means betwee subsamples. Concretely, we test
the null hypothesis that the mean of the conditi@oarelations in the crisis subperiod is
equal to that in the tranquil period against the-sided alternative that it is higher than the
later one. The empiricastatistic, assumed to follow a standard normatridistion under

the null hypothesis is determined by the followigression:z=(x-m)+(g/+/n), where X

refers to the mean of the crisis periadjs set to be the mean of the tranquil periodre-

fers to the standard deviation of the crisis peaadn is equal to 60.
[Please insert Table 5 about heie

Table 5 reports the obtained results. Overall, Wwseove that the inter-market comove-
ments were significantly higher during the cris&ipd than during the tranquil period. The
linkages between Latin American markets and theldvorarket index follow the same
schema, except for the case of Colombia where thagea significant decrease in correla-
tion coefficient with the world market. Thereforge are not able to reject the preposition
according to which stock markets tend to move mmahe together during the crisis time

than during a normal time.

5. DISCUSSIONS AND FUTURE EXTENSIONS

The purpose of this paper was to investigate eg®lyi the comovements between Latin
American emerging markets et between these maaketshe World stock market over the
1985-2005 period. As pointed out by our empiriéatlings, there were upward trends in
conditional correlations since 1994 and onwardslirsample markets. This evidence is
strengthened by the fact that the cross-markeeladion coefficients exceed 60% in recent
years in many cases. As far as the issues of mtiermal market integration and portfolio
diversification are concerned, there is still fettlroom for global investors to get in Latin
American emerging countries due to their low averagrrelations. At the same time, it is

worth noting that the market liberalization proc@sselected emerging stock markets and

14



the resulting increased globalization do incredse ¢omovements of capital markets
around the world, and thus reduce significantly ithternational diversification benefits.
However, the presence of frequent structural bréalklse time-path of cross-market corre-
lation series as evidenced by our results typicadlgs that a reassessment of stock market
comovements is necessary for implementing any tnwest strategy in Latin American,
and so saying as a follow-up of major stock maskaints. Last but not least, higher co-
movement of sample stock markets in times of cisis be considered as evidences of

contagion effects highlighted by a number of prasgistudies.

For future perspectives, this study can be extemiesdme ways. First, the same meth-
odology presented in this study can be appliedh¢oissue of cross-country stock-bond re-
turn comovements to explore the relationships ffedint asset classes both at the country
and international levels. This kind of study isgpéat importance because any portfolio op-
timization strategy hinges on the concept of catreh. Second, the empirical model pre-
sented in this paper is suitable to the invesigatf the determinants of stock market co-
movements, of which macroeconomic announcement&amaomic and financial integra-
tion factors might be relevant candidates. Suckaeh allows for example to determine
the roots of stock market comovements and to antiveequestion of whether they result

from world market integration or global bubbles.
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Panel A: Summary Statistics

Tablel

Descriptive Statistics

Argentina Brazil Chile Colombia  Mexico Venezuela World
Mean 1.384 1.095 1.968 1.771 1.700 0.685 0.929
(% per month)
Std-Deviation 18.724 16.570 7.472 8.355 12.276 13.867 4.281
(% per month)
Skewness 0.379 -0.639 -0.338" 0.493 -2.425 -0.921 -0.767
Kurtosis 10.265 3.146 1.187 1.698 14.725 4.747 1.969
JB 1090.42% 118.673 19.219 39.669 2473.406 266.794 64.107
Q(12) 15.571 10.718 22.025 44.915 36.192 7.782 13.802
ARCH(12) 49.042 25.773" 15.182 33.243 50.375 6.901 9.169
Panel B: Autocorrelations
Retard Argentina Brazil Chile Colombia  Mexico  Venemela  World
1 -0.054 -0.007 0.198 0.353 0.284 -0.005 0.0411
2 -0.063 0.022 -0.045 0.102 -0.074 0.107 -0.033
3 0.072 -0.087 -0.096 -0.004 -0.155 0.023 0.0213
4 -0.097 -0.061 0.009 -0.014 -0.079 -0.022 -0.056
5 -0.074 -0.011 0.077 0.108 0.049 0.046 0.082
6 0.089 0.003 -0.003 0.088 -0.079 -0.015 0.0245
Panel C: Unconditional correlations of I, (in percentage)
Argentina Brazil Chile Colombia Mexico  Venezuela Wad
Argentina 1.00 11.171 20.053 7.001 26.782 14.571 11.154
Brazil 1.00 31.724 16.317 20.995 2.220 33.820
Chile 1.00 23.777 43.345 9.518 35.762
Colombia 1.00 13..765 20.772 14.942
Mexico 1.00 9.164 40.883
Venezuela 1.00 8.002
MSCI World 1.00

Notes: The test for Kurtosis coefficient has beemalized to zero. JB is the Jarque-Bera testnfamimality
based on excess skewness and Kurtosis. Q(12) iguhg-Box test for autocorrelation of order ARCH is the
Engle (1982)’s test for conditional heterosced#sti¢, ** and *** indicate significance of coeffients at the
1%, 5% and 10% respectively. +, ++ and +++ indicajection of the null hypotheses of no autocotiefg nor-
mality and homocedasticity at the 1%, 5% and 1%lkeuf significance respectively for statisticadtte
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Table 2
Estimation results

Panel A - parameter estimates-mean equations

Argentina Brazil Chile Colombia  Mexico  Venezuela World
% 0.024 0.023 0.018  0.010" 0.020 0.001 0.010
(0.009)  (0.010)  (0.005)  (0.005)  (0.007)  (0.013)  (0.003)
3 0.030 0.0299 0.041 0.283 0.089 0.070 -0.008
(0.086)  (0.074)  (0.061)  (0.062)  (0.063)  (0.092)  (0.067)
3, -0.163  -0.048 0.122 0.351 -0.017 0.093 -

(0.285)  (0.287)  (0.108)  (0.106)  (0.143)  (0.221)

Panel B: parameter estimates-GARCH process

Argentina Brazil Chile Colombia  Mexico  Venezuela World

@, 0.001 0.0010 0.000 0.00T 0.001" 0.019 0.000
(0.001)  (0.000)  (0.000)  (0.000)  (0.001)  (0.006)  (0.000)

@, 0.218" 0.167 0.045 0.145 0.231 0.221 0.079
(0.110)  (0.057)  (0.031)  (0.042)  (0.072)  (0.264)  (0.034)

@, 0.771 0.811 0.876 0.703 0.695 -0.097 0.885

(0.085)  (0.041)  (0.058)  (0.089)  (0.059)  (0.103)  (0.039)

a 0.033

(0.006)
B 0.961
(0.005)
Panel C — Robust tests for model standardized residls
Argentina Brazil Chile Colombia  Mexico Venezuela World
Mean -0.052 -0.075 -0.020 -0.001 -0.033 0.014 -0.022
Std-Deviation 1.033 1.018 1.016 0.967 1.038 0.970 0.996
Skewness 0.601 -0.665 -0.318 0.288 -1.377 -0.998  -0.806
Kurtosis 3.951 2.134 1.089 1.248 4.925 4.599 2.559
JB 174.803  64.820 16.308 19.356 326.38 257.691  93.397
Q(12) 2.937 6.654 17.235 0.496 18.874  9.281 13.286
ARCH(12) 6.462 10.262 14.842 5.303 3.708 7.628 5.804

Notes: Bollerslev and Wooldridge (1992)'s robustngtard errors are given in parenthesgs. @, and g, refer to

the parameters of a GARCH(1,1) process. The teKdiotosis coefficient has been normalized to zdiis the
Jarque-Bera test farormality based on excess skewness and Kurtogl®) @ the Ljung-Box test for autocorre-
lation of order 12ARCH is the Engle (1982)’s test for conditional érescedasticity. *, ** and *** indicate sig-
nificance of coefficients at the 1%, 5% and 10%peesively. +, ++ and +++ indicate rejection of thell hy-
potheses of no autocorrelation, normality and hagdasticity at the 1%, 5% and 1% levels of signifam re-
spectively for statistical tests.
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Table 3

Results of the Bai-Perron’s test for multiple stru¢ural breakpoints in the conditional
correlations with the world market

Market Number of breakpoints Estimated break dates 95% confidence intervals
for break dates
Argentina 5 1989:07 [1989:05-1989:08]
1992:07 [1992:05-1992:09]
1995:07 [1995:06-1995:09]
1998:09 [1998:07-1998:10]
2002:08 [2002:07-2003:01]
Brazil 4 1988:02 [1988:01-1990:03]
1991:03 [1991:01-1991:06]
1997:11 [1997:10-1997:12]
2001:10 [2001:09-2001:12]
Chile 4 1990:02 [1989:12-1990:04]
1994:04 [1994:03-1994:08]
1998:09 [1998:08-1998:10]
2001:10 [2001:09-2002:02]
Colombia 4 1990:09 [1988:02-1992:01]
1995:03 [1994:12-1995:06]
1998:09 [1998:08-1998:10]
2002:08 [2002:07-2002:11]
Mexico 4 1988:02 [1987:12-1989:07]
1992:02 [1991:121992:08-]
1995:09 [1994:02-1995:12]
1998:09 [1998:08-1998:10]
Venezuela 4 1989:11 [1989:06-1989:12]
1992:11 [1992:10-1993:04]
1997:07 [1997:04-1997:08]
2000:07 [2000:06-2004:02]

Notes: The breakpoint selection procedure in thekg/of Bai and Perron (1998,2003) is based on thgeBian
Information Criteria (BIC). First, we arbitrarilyes the maximum number of breaks to be 5. If theatife num-
ber of breaks is equal to 5, a higher number oc@ksevill be chosen so that the testing procedupéuces all pos-
sible breakpoints. In principle, a model’s optimaimber of breakpoints is the one associated wihntimimum
BIC. For the countries considered in this presamdys none of the volatility series has more tharéakpoints.
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Table 4
Stock market liberalization dates

Market

Official dates of

Date of the first

Date of the first Coun-

Date of the structural
break in the US capital

liberalization | ADR introduction | try Fund introduction flows
Argentina 11-1989 08-1991 10-1991 04-1993
Brazil 05-1991 01-1992 10-1987 06-1986
Chile 01-1992 03-1990 09-1989 01-1988
Colombia 02-1991 12-1992 05-1992 08-1993
Mexico 05-1989 01-1989 06-1981 05-1990
Venezuela 01-1990 08-1991 NA 02-1994

Notes: all the dates reported in this table arévddrfrom Bekaert and Harvey (2000)
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Table 5

Changes in conditional correlations: tranquil versts crisis periods

Argentina | Brazil Chile Colombia | Mexico Venezuela
Brazil 0.323
(23.233)
Chile 0.252 0.187
(26.172) (37.699)
Colombia 0.120 0.073 0.140
(18.622) (14.899) (5.433)
Mexico 0.237 0.304 0.108 0.018
(34.825) (41.987) (15.392) (3.413)
Venezuela 0.058 0.292 0.302 0.080 0.123
(14.818) (23.158) (51.614) (4.972) (23.158)
MSCI World 0.318 0.097 0.203 -0.031 0.065 0.210
(26.044) (14.722) (19.622) (-4.546) (14.547) (14.918)

Notes: this table provides the differences in treans of conditional correlation coefficients betwdiee 60-
month crisis period and the 60-month tranquil pe&ribhe number in parenthesis refers to the empigca
statistics. The critical values afat 95% and 99% confidence levels assuming nonnelithe series under
consideration are equal to 1.96 and 2.33 respéygtive
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Figure 1

Dynamic Conditional Correlations
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Figure 2

BIC and residual sum of squares (RSS) for models thi m breakpoints
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