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Abstract

We use a quantile-based measure of conditional skewness or asymmetry of asset returns that is
robust to outliers and therefore particularly suited for recalcitrant series such as emerging market
returns. We study the following portfolio returns: developed markets, emerging markets, the world,
and separately 73 countries. We find that the conditional asymmetry of returns varies significantly
over time. This is true even after taking into account conditional volatility effects (GARCH) and
unconditional skewness effects (TARCH) in returns. Interestingly, we find that the conditional
asymmetry in developing countries is negatively correlated with that in emerging markets. This
finding has implications for portfolio allocation, given the fact that the correlation of the returns
themselves has been historically high and is increasing. In contrast to conditional volatility fluctu-
ations, which are hard to explain with macroeconomic fundamentals, we find a strong relationship
between the conditional skewness and macroeconomic variables. Moreover, the negative relation-
ship between conditional asymmetry across developed and emerging markets can be explained
by macroeconomic fundamental factors in the cross-section, as both markets feature opposite re-
sponses to those fundamentals. The economic significance of the conditional asymmetry is also
demonstrated in an international portfolio allocation setting.
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1 Introduction

A significant body of research has documented and compared several characteristics of emerging and
developed stock market returns. For instance, it is well-established that, in emerging markets: the
unconditional means and volatilities of returns are higher than in developed markets; the conditional
mean and volatility of returns vary significantly over time; the correlation and beta with the world
portfolio has been lower, albeit increasing over time (see e.g. Bekaert and Harvey (1995), Harvey
(1995), Bekaert and Harvey (1997), Fama and French (1998), Henry (2000), Engle and Rangel (2008),

among many others).

Another important characteristic of emerging market returns is that they feature noticeable asym-
metries, which implies that their first two moments are not sufficient to characterize the financial risk
investors face in those markets. Moreover, it is a priori reasonable to assume that their conditional
higher order moments might be time varying (much like their conditional first two moments), because
emerging economies are, by their very nature, more likely to experience regulatory changes, financial
market liberalization trends, political crises, and other shocks that may lead their market returns to
deviate from normality. Unfortunately, very little work has been done on this topic. An exception is
Bekaert, Erb, Harvey, and Viskanta (1998) who specifically note that: “It is not just that skewness and

kurtosis are present in emerging markets—the skewness and kurtosis change through time.”

The lack of empirical findings about the nature, dynamics and economic determinants of the con-
ditional return asymmetries is partly due to the fact that higher order moments—being very sensitive to
outliers—are more susceptible to estimation error than are the mean and the variance. Moreover, the
approach of circumventing estimation difficulties by using implied (risk neutral) skewness or kurtosis
is infeasible for most emerging countries, as their derivative markets are either small and illiquid or
simply non-existent.! With emerging market data, which are particularly prone to outliers and other
data imperfections, it seems that finding a robust way of quantifying the asymmetry in the distribution

would be of particular interest to investors and academics alike.

In this paper, we offer a comprehensive empirical study of the conditional return asymmetry for a

large cross-section of emerging and developed markets. Our first contribution is to provide a simple

'A recent flurry of papers have examined skewness extracted from options of a market index - like the S&P 500 - or from
for a cross-section of individual stocks. See for example, Bali and Cakici (2009), Chang, Christoffersen, and Jacobs (2009),
Conrad, Dittmar, and Ghysels (2009), Xing, Zhang, and Zhao (2010), among others. Such an approach would not be feasible
for our international setting as many countries do not feature derivatives markets or have only primitive contracts with sparse
liquidity.



measure of return asymmetry that has three distinguishing features, namely, robustness to outliers, the
ability to capture time-variations in the conditional (rather than unconditional) distribution of returns
and finally the measure can be defined for n-period, long-horizon returns, r,, ¢, while using daily in-
formation. The asymmetry measure is based on the relative difference between the 75th (and 25th)
conditional quantile and the conditional median of 7, ;. The intuition is as follows. If at time ¢ the in-
terquartile range is not centered at the median, then the return distribution is asymmetric. The statistic
is normalized to be between -1 and 1. Extreme outliers have no effect on it as they do not impact the
median, as well as the 25th and 75th quantiles. The measure is a conditional version of an approach
that can be traced back to Pearson (1895), Bowley (1920), and more recently, Kim and White (2004),
who consider robust statistics that are not based on estimates of higher-order moments. We specify
the conditional quantiles on which this statistic is based in a novel parametric way that exploits all
the information in daily return data, yet preserves parsimony and robustness. Technically speaking we
use the term “conditional asymmetry” rather than “conditional skewness,” because the latter notion is
traditionally associated with the third conditional moment of returns.> We denote our measure as C'A;
(for conditional asymmetry at time t) to emphasize the fact that we are not using the conditional third

moment of returns.

We use the new approach to estimate the conditional asymmetry in 76 portfolio returns: 73 in-
dividual country returns, a developed markets (henceforth DM) portfolio comprised of 21 developed
economies, an emerging markets (henceforth EM) portfolio comprised of 52 emerging economies, and
a global world (henceforth W) portfolio. The data, obtained from Datastream, is daily from 1980 to
June 30, 2010. We estimate the C' A; of annual returns since most of the macroeconomic variables, used

later in the papers, are available at that frequency. This is also a horizon of interest to many investors.

Before examining conditional asymmetries we study the (original/historical) unconditional robust
measure of asymmetry for all countries and portfolios and compare it to the traditional third moment-
based skewness measure. We do so for returns as well as for GARCH- and TGARCH-filtered re-
turns (subsequently sometimes called de-GARCHed or de-TARCHed returns). Our first finding is that
GARCH and especially TARCH models are suitable for capturing the unconditional skewness of de-
veloped market returns. In contrast, the results for emerging markets are mixed. The de-TARCHed
returns have in general smaller skewness, although in some cases significant (unconditional) skewness

still remains.

2So far we used the term conditional skewness a few times -including in the title of the paper - as it is a more common in
the literature. We will continue to occasionally do so in the remainder of the paper.



Second, we estimate the conditional asymmetry measure C'A; for all portfolios and study their
distributional properties. We find that the returns of the world portfolio and large developed markets are
generally more negatively skewed than emerging market returns.> More interestingly, we find that the
correlation between C' A; measures of DM and F M portfolio returns is either zero or slightly negative,
depending on whether or not we de-TARCH the returns. This intriguing result is of interest for at least
two reasons. First, it is in sharp contrast with the results that the correlation of the returns themselves is
large, positive, and is increasing over our sample period. Moreover, the volatilities between developed
and emerging markets exhibit significant co-movements. These facts might be taken to imply that the
benefits from international diversification are limited. However, the zero-to-negative co-movement in
conditional asymmetry implies that there might be benefits of international diversification and risk-
sharing that are both significant and are not captured by standard mean-variance analysis. Second,
Pukthuanthong and Roll (2010) find that extreme return movements—or jumps—in international markets
are strongly correlated. Our asymmetry measure complements their findings, as it is robust to outliers
and hence not affected by outcomes in the tails of the distribution. Asymmetries in the distribution of
returns that arise around the median are no less important than outliers, as a large mass of the return

density is concentrated in that region.*

Third, to understand the dynamics and co-movement of the estimated C' A; measures, we run two
sets of time-series regressions. First, motivated by the international factor models literature (e.g., Sol-
nik (1974), Korajczyk and Viallet (1989), Korajczyk and Viallet (1986), Harvey (1991)), we investigate
whether the time variation in asymmetries can be linked to the world portfolio return, which is signif-
icantly negatively skewed. We find that while the asymmetry in developed markets can be explained
by asymmetries in the world factor, this is not the case for emerging economies. This implies that,
in emerging markets, the time-variation in the C'A; measure is most likely driven by country-specific
shocks. In a second set of regressions, we show that our C'A; measures are negatively related to volatil-
ity fluctuations. This result is consistent with the “leverage effect” findings in the asymmetric GARCH
literature. The novelty is that while the leverage effect has been well-documented for the US and devel-
oped economies (Glosten, Jagannathan, and Runkle (1993), Zakoian (1994), Bekaert and Wu (2000),
among others), the evidence for it in emerging markets has been less clear-cut (Bekaert and Harvey

(1997)).

3Interestingly, this result parallels the finding in US data that large-cap stock returns are more negatively skewed than
small-cap stock returns (e.g., Chen, Hong, and Stein (2001)).

*Along similar lines, Christoffersen, Errunza, Jacobs, and Jin (2006) also document upward trending correlations be-
tween DM and EM returns and emphasize diversification benefits due to higher moment dependence. They emphasize tail
dependence, while we focus on conditional skewness without emphasizing tail behavior.



Fourth, we examine to what extent the negative relation between the conditional skewness of DM
and EM portfolio returns can be explained by economic fundamentals. It has been noted that macroe-
conomic fundamentals cannot easily account for conditional volatility movements (see e.g. Schwert
(1989), Engle, Ghysels, and Sohn (2008) and Engle and Rangel (2008) among others). In contrast to
conditional volatility, we find strong relationships between conditional skewness and macroeconomic
fundamentals. In particular, we consider a set of variables that measure liquidity and the degree of
development of international stock markets that have been suggested in the literature, including: (1)
turnover, (2) the capitalization of a country’s stock market relative to its nominal GDP, (3) the number
of companies listed on the exchange, (4) a measure of market liquidity, (5) a short-term interbank or
government bond yield, (6) the growth rate of real GDP and (7) the volatility of quarterly real GDP
growth. We find that most of these economic fundamentals help predict future conditional skewness,
and most interestingly the negative relation between the conditional skewness of DM and EM port-
folio returns can be explained by the opposite sign of exposure to macroeconomic fundamentals for
DM and EM portfolio returns. For example, DM portfolio conditional skewness relates positively to
turnover, while EM portfolio conditional skewness is the opposite. With turnover linked to heterogene-
ity of beliefs (Hong and Stein (2003), Chen, Hong, and Stein (2001)), we find that more disagreement
has a negative impact on EM conditional skewness, but DM markets conditional skewness responds
positively. The response to short term interest rates is negative for DM portfolio returns conditional
skewness - as the economy overheats there is an increase in downward risk for developed markets,

while EM conditional skewness reacts positively.

Finally, we investigate the economic relevance of return asymmetry in an international portfolio
allocation setting. We use a recent parametric portfolio approach of Brandt, Santa-Clara, and Valkanov
(2009) which is particularly suitable for our application, since (1) it allows for country-specific condi-
tional information (through the portfolio weights), (2) is able to accommodate a large number of assets,
and (3) is not limited to mean-variance investors. We maximize the utility function of a constant relative
risk aversion investor with a v = 5, whose portfolio weights are a function of the conditional asymmetry
measure C'A; and other country-specific variables. We find that the optimal portfolio is tilted toward
countries that are less negatively skewed, which in our setting are the emerging economies. In partic-
ular, when the investor conditions his decisions upon the estimated asymmetry measures, the optimal
allocation corresponds to placing approximate 17 percent of the weight in emerging economies relative
to the value-weighted allocation of only 9 percent. Moreover, taking into account conditional asym-

metry in the portfolio allocation, leads to sizeable increases of the certainty equivalent return and the



Sharpe ratio.

While the analysis in this paper is mostly empirical, it should be noted that our findings have broader
implications for the formulation of empirical asset pricing models. A large class of risk models rely
on the fact that returns can be expressed as r; = p; + o0&y, where expected returns are characterized
by s and conditional volatility is described by o.> Asymmetries in the dynamics of o; may yield
(un)conditional skewness and the distribution of €; may also feature unconditional skewness. Yet, under
standard assumptions returns, standardized by conditional volatility, i.e. &, = (ry — ) /oy, are i.i.d. and
therefore should not exhibit any predictable patterns, including conditional asymmetry. Technically
speaking, however, this assumption can be relaxed. Namely, one can still estimate GARCH models
without the aforementioned i.i.d. assumption for ;. As discussed later in the paper, one can assume
that €, is a martingale difference sequence and therefore allow for conditional skewness. Hence, we can
examine the skewness properties of both returns as well as returns standardized by conditional variance
estimates obtained from some type of GARCH model. The fact that we can study the conditional
asymmetry of standardized returns allows us to examine the role of skewness after controlling for

volatility dynamics.

The paper is structured as follows. Section 2 describes the quantile-based method of conditional
asymmetry, tackles estimation issues, and provides the first set of empirical results using the interna-
tional portfolio returns data. Section 3 explores the dynamics and co-movement of the estimated asym-
metry measures within the context of time-series regressions, motivated by previous work. In Section
4, we use pooled regressions to link the conditional asymmetry in international markets to macroeco-
nomic fundamentals. Section 5 covers international portfolio allocation with conditional asymmetry.

Conclusions appear in section 6.

2 A Robust Measure of Conditional Asymmetry

We are interested in quantifying the asymmetry in the (conditional) distributions of n-period returns.
To fix notation, the log continuously compounded n-period return of an asset is defined as 7, =
Z?;& r¢4; for n > 2, where r; is the one-period (daily) log return. For simplicity, we assume that
the unconditional cumulative distribution function (CDF) of 7, denoted by F,,(r) = P (ry, <7),

and its conditional CDF given an information set I; 1, denoted by F,, 4, (1) = P (ryn < 7|l;—1),

SThis is called a location-scale transformation. For the purpose of simplicity, we focus here on a discrete single-period
return, although our empirical analysis will involve multiple horizon returns.



are strictly increasing. The unconditional first and second moments of r;, are denoted by pu, =
E(rin)and o2 = E ((rm — ,un)2>, and their conditional analogues by /i, + = E (r¢|l;—1) and 07, ;
=F ((rm — um)Q ]It_l), respectively. For the one-period returns, we simplify the notation by drop-
ping the n subscript.

In this section, we present the measure of conditional asymmetry (section 2.1), discuss its speci-
fication and estimation (section 2.2), present the data used in the estimation (section 2.3), and finally

present the main results (section 2.4).

2.1 Econometric Approach

By far, the most popular measure of asymmetry is the unconditional skewness, or third normalized
moment of returns: S (7¢,,) = E (71, — pin)® /o5. Conditional models of skewness based on autore-
gressive conditional third moments have been proposed by Harvey and Siddique (1999) and Le6n,
Rubio, and Serna (2005). A natural estimate of skewness is obtained by replacing expectations with
sample averages. However, it is well-known that estimates based on sample averages are sensitive to
outliers, even more so than are estimates of the first two moments, because all observations are raised
to the third power. This fact has prompted researchers since Pearson (1895) and Bowley (1920) to look

for robust measures of asymmetry that are not based on sample estimates of the third moment.

Bowley’s (1920) robust coefficient of skewness is defined as:

(90.75 (Tt.n) — q0.50 (Tt.0)) — (q0.50 (T2,0) — q0.25 (T2.0))
q0.75 (Tt,n) — q0.25 (Tt,n)

CA(reyn) = 1)

where go.25 (7¢.n), 90.50 (7,n) and qo.75 (¢,n) are the 25th, 50th, and 75th unconditional quantiles of
r¢n. and quantile 6 is defined as gg (1) = F1 (rem), for 8 € (0, 1. It is immediately clear that
this skewness measure captures asymmetries of the inter-quartile range with respect to the median.
Unlike S(r4,,), it is robust to outliers, since the quantiles in equation (1) are not affected by them. The
normalization in the denominator insures that the measure is unit independent with values between —1
and 1. For CA (r;,,) = 0 we have a symmetric distribution, while values diverging to —1 (1) indicate
skewness to the left (right). To our knowledge, C'A (r ) or other robust statistics of asymmetry, have
received very limited attention in the empirical finance literature, the only exception being Kim and

White (2004). The reason for that is undoubtedly the fact that, in order to construct (1), we need to

8The inverse of F (r+,,) is unique, since we assumed that F' (r;,,,) is strictly increasing. If F' (¢ ,) is not strictly increas-
ing, then we can define the quantile as g5, (r¢,n) = inf{r : F (re,n) = Ok }.



estimate quantiles, which is not as straightforward as estimating other statistics. Fortunately, quantile
regression methods have greatly improved in the last twenty-five years and we draw on results from

that literature.

To illustrate the sensitivity of the third centered moment to outliers, we provide a 250-day rolling
estimates of the .S () (top panel) and C' A (r4) (bottom panel) for the developed and emerging markets
portfolios, available from the period January 1, 1980 to June 30, 2010.” In the top panel of Figure 1,
we display the rolling estimates of S (r;), which involve the third power of returns, of both portfolios.
The rolling statistics are estimated in exactly the same fashion as one estimates rolling sample volatility
(see for example French, Schwert, and Stambaugh (1987)). While the estimates in Figure 1 represent
a simple ex-post estimate of the conditional skewness, they illustrate two key points. First, if we look
at the rolling estimates of S (r;) , we notice discontinuities that occur at the time when large outliers
enter the rolling sample - in the case the 87 crash. Even one daily observation has an immediate and
drastic impact on the annual skewness estimates. This result is not peculiar to the rolling regression
estimates, as noted by White, Kim, and Manganelli (2008) but rather is due to the use of a sample
analogue of the third moment. Bekaert, Erb, Harvey, and Viskanta (1998) provide a similar plots for
individual countries and the discontinuities are even more striking. In contrast, the rolling estimates of
the robust skewness measure C'A (1) in the bottom panel are much less sensitive to outliers. More-
over, we observe a considerable time variation in the C A (r;) and S (r;) estimates, if we neglect the

discontinuities.

A profound question that has been extensively debated in the literature and that one cannot easily
answer is whether extreme events should be completely eliminated. For example, one might consider
replacing S(r;) with a trimmed mean version. This would eliminate outliers and hence the sensitivity
of moment-based estimates of skewness. The same arguments apply to C'A (r;) as we (arbitrarily)
picked the the 25th, 50th, and 75th quantiles. Indeed, other quantiles such as the 5th (1st), 50th and
95th (99th) could have been considered as well. While generalizations of C'A (1) can be defined

along these lines, they do not change the main message of the paper.®

At a technical level, the above quantile-based skewness measure does not require moments to exist.

This is particularly important for emerging market data, which are known to have fat tails. The measure

"While the remaining of the paper focuses on annual returns, here we provide conditional skewness estimates of daily
returns. We do so for the sake of comparison with the previous literature which has mostly focused on the skewness of
short-horizon returns.

8Results are not reported but available upon request. In contrast, we find that trimmed mean estimates of third power of
returns critically depend on the amount of trimming. Results are also not reported here, but available upon request from the
authors.



(1) also satisfies all conditions that Groeneveld and Meeden (1984) postulate any reasonable skewness

measure should satisfy.’

Perhaps the biggest limitation of C'A (74 ,,) is that it is based on unconditional quantiles of r ,,.
As such, it provides unconditional measures of skewness but is not useful to study the dynamics of
the conditional asymmetry and its time series properties. We follow White, Kim, and Manganelli
(2008) and extend the C'A measure to capture asymmetries in the conditional distribution by replacing
the unconditional quantiles in (1) by their conditional analogues. More specifically, the conditional

quantile 6 of return 7, is

Go,e (rin) = Fy oy () 2)
and a conditional version of (1) given information I;_; can be defined as

CA, (Tt,n) _ (C]o.75,t (Tt,n) — 40.50,¢ (Tt,n)) - (CIO.50,t (T‘t,n) — q0.25,t (Tt,n))' 3)
q0.75,t (Tt,n) — q0.25,¢ (Tt,n)

From now on, we define conditional asymmetry in terms of C'A;: if returns yield variations in C'Ay,
then their conditional distribution exhibits asymmetry. To better understand this measure, we discuss
its properties in the framework of a widely-used and well-understood model of stock returns. This
discussion will not only help us clarify the implication of this measure for those models but also to

understand more generally what is needed to generate time-variation in conditional skewness.

2.1.1 Conditional Asymmetry and Return Dynamics

It is well-known that returns of developed and emerging markets have time-varying conditional first

and second moments. Hence, as noted in the Introduction, we can write their returns as:

Ttnm = Wtpn T OtnEtn 4)

If the dynamics of the conditional distribution of 7 ,, are captured by the first two conditional moments,
then the distribution of € ,,, F'(g¢ ), is time-invariant and so is its quantile, gy (¢;,,) = F' ~1(6). The

conditional variance can include any dynamics including asymmetries, such as in TARCH/GJR models.

° Another widely-used skewness measure, the Pearson coefficient of skewness, defined as %(”’")

these properties.

, does not satisfy



For model (4), the conditional quantile 8 of returns is

q0,t (Tt,n) = Ut;n + Ttnqo (Et,n)

which makes a few things clear. First, the variation in the quantiles of returns comes from variations
in the conditional mean and conditional variance. Second, the mean has the same impact on all quan-
tiles and hence cannot impact the skewness (conditional or unconditional) of returns. Third, if all the
asymmetry is successfully captured by the volatility dynamics (such as in TARCH/GJR models) and
the distribution of & ,, is symmetric, then the conditional skewness of returns will be zero, even though
the unconditional distribution might not be. Fourth, if the distribution of & ,, is not symmetric, even
after taking into account volatility asymmetries, then the unconditional skewness measure will be non-
zero, but there will be no conditional variation in C'A;. In other words, this model cannot generate

fluctuations in the conditional asymmetry of returns.'®

If model (4) is well-specified (including the mean and volatility), then the conditional asymmetry
of returns 7, and the filtered returns €, should be the same. To the extent that the properties of
CA (r¢,) differ from those of C'A (&¢,,), it must imply that either the volatility model is misspecified,
or that we need a more general model that captures conditional skewness. Hence, from an empirical

perspective it is useful to consider the skewness of both r; ,, and € 5,, as we do in the empirical section.

It is standard in the literature on ARCH-type models, to assume that ¢; j, is an i.i.d. process and
has an invariant distribution used for the purpose of likelihood-based estimation. Yet, one can estimate
ARCH-type models under less restrictive conditions that allow for the presence of conditional skew-
ness. For example, Escanciano (2009) studies the estimation of so called semi-strong GARCH models
with £; a martingale difference sequence, notably allowing for conditional skewness. One practical
implication is that one cannot use the standard likelihood based estimation procedures. Instead, one
should rely on moment-based estimators. To facilitate the estimation we did use standard estimation
procedures - viewed as a particular moment-based procedure with the moments determined by the score
function. Therefore, in our empirical work we will estimate GARCH and TARCH models and examine
both returns and standardized returns for conditional skewness features. While in principle, we should
make a distinction between €; ,,, and what we actually use, namely estimated &; ,,, we will not take into

account estimation error when we consider the conditional quantile estimates of standardized returns.

One way to capture dynamics of quantiles is to allow for state variables that possibly differ across

10See also Engle and Manganelli (2004) for observations along similar lines.



quantiles, namely:

Qot (Ten) = g + BoZp1—1 ©)

where Zy; 1 is a vector of state variables that might be quantile-specific. Expression (5) is quite
general. If ap= 0, By = [1 qp(ern)] and Zpy—1 = [pue,n 0vp) for all 6, we have specification (4).
If we let n = 1 for a single period horizon, Zy; = [gg¢—1 (rt—1) ||re—1]|]’ for all 6, we obtain the
CaViaR specification of Engle and Manganelli (2004). Asymmetry is achieved when oy and [y are left

unrestricted, when the conditioning variables Zy ;1 are different across quantiles, or both.

The above discussion made clear that a key ingredient in the measurement of conditional asymme-
try using C'A; in expression (3), is the specification and estimation of the conditional quantile func-
tions. More precisely, the parametrization of the quantile functions in (5) and the type of conditioning
information that is used in the estimation are of primary importance. The choice of the functional
form and the conditioning variables in the estimation of the conditional quantile regression is similar
to that of any regression, whether we are estimating a conditional mean, conditional variance, or a
conditional quantile. For instance, White, Kim, and Manganelli (2008) use a similar approach in a
multi-quantile generalization of Engle and Manganelli’s (2004) CaViaR approach to model conditional
quantiles. Since we are interested in estimating the conditional quantiles gy ; (7,5,) of returns at various
horizons using as much information as possible (i.e. daily data), a different specification seems more
suitable. In the next section, we present the new quantile specifications and discuss their advantages

and shortcomings.

2.2 Conditional Quantiles Specifications and Estimation

To construct (3), we need to model and estimate the conditional quantiles of 7 ,, (or &, but for for
expositional reason we focus here on returns). We make the notation more explicit by denoting the
quantile as gg ¢ (7¢,n; 09,n) Where the parameters are collected in the vector dg ,,. The notation reflects
the fact that the function ¢ will be estimated for each quantile 6 and the parameters dg ,, are allowed to
differ across quantiles and horizons. Since we will be investigating the conditional quantiles of returns
at various horizons, we specify a model that uses all the information in [;_; = {z;_1, z¢—9, ...} , where
x; is a vector of daily conditioning variables. To do so, we use a MIDAS approach, meaning Mi(xed)

Da(ta) S(ampling), applied to quantile regressions.!! We characterize a MIDAS quantile regression -

"MIDAS regressions were suggested in recent work by Ghysels, Santa-Clara, and Valkanov (2004), Ghysels, Santa-Clara,
and Valkanov (2006), Ghysels, Sinko, and Valkanov (2006), Chen and Ghysels (2010) and Andreou, Ghysels, and Kourtellos
(2010). The original work on MIDAS focused on volatility predictions (using MIDAS regressions or filtering), see also Alper,

10



where the conditional quantile pertains to multiple horizon returns and the regressors are daily returns

- as follows:

90t (Ttn300,0) = Qom + BonZi (Kom) (6)
D

Zi(Kom) = Y wal(kon) i d 7
d=0

where 0, = (g1, Bp.n, Ko,n) are unknown parameters to estimate. The function wg (kg ) is - as
typical in MIDAS regressions - a parsimoniously parameterized lag polynomial driven by a low-
dimensional parameter vector kg, and Z; (k; ) is filtered from the observable daily conditioning
information ;4. The parameters to be estimated dg ,, will differ with the quantile and horizon of in-
terest. The parsimoniously specified parametric MIDAS weights wg (kg ,,) greatly reduce the number
of lag coefficients to estimate (D + 1), which can be very large, given the frequency of the data. In
other words, the parameters g ,, in the filtering of the daily observations (equation (7)) and the param-
eters ag ,, and Sy ,, of the quantile (equation (6)) are estimated simultaneously. In general, the MIDAS
regression framework allows us to investigate whether the use of high-frequency data necessarily leads

to better quantile forecasts at various horizons.!?

There are several benefits from using the MIDAS quantile specification (6)-(9) rather than other
conditional quantile models, such as Engle and Manganelli (2004) and White, Kim, and Manganelli
(2008). First, (6)-(7) is not a recursive quantile model: the conditioning information x;_4 in (6) can
be any variable that has the ability to capture time variation in the quantile of the return distribution.
Second, the MIDAS weights filter the potentially noisy daily data. This is particularly important while
working with returns of emerging markets. Third, we can forecast skewness at various horizons while
keeping the information set fixed (i.e., daily frequency). Fourth, if the k¢, are the same across quan-
tiles, then so is the filtered conditioning variable Z; (x¢,,) and the quantiles are different only through
the o, and By, parameters. One similarity that our specification shares with White, Kim, and Man-
ganelli (2008) is that we do not impose non-crossing restrictions on the quantiles. It turns out that

crossing of quantiles does not seem to be an issue in the applications at hand.

Fendoglu, and Saltoglu (2008), Chen and Ghysels (2010), Engle, Ghysels, and Sohn (2008), Forsberg and Ghysels (2006),
Ghysels, Santa-Clara, and Valkanov (2005), Ledn, Nave, and Rubio (2007), among others.

2In the context of quantile regressions or skewness forecasts, the use of high-frequency data has not yet been explored.
Arguably, an exception is the literature on tests for jumps in continuous time SV jump diffusions (see e.g. Ait-Sahalia and
Jacod (2007), Andersen, Bollerslev, and Diebold (2007), Barndorff-Nielsen and Shephard (2004), among others). These tests
typically apply to a decomposition of realized volatility into a continuous-path and discrete jump component and are not not
so much viewed as estimates of skewness.
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To estimate the quantile function (6), we need to specify the conditioning variables x;_4 and
wq(ky). We address these model specification issues in the empirical section, as they are fairly stan-
dard in the literature. We estimate the parameters dg,, in (6-9) with non-linear least squares. More

specifically, for a given quantile 6 and horizon n, we minimize

T
min T pon (o) ®)

t=1
where €gnt = 7t — Go.t (Ttn300.m) > Pon (Eont) = (0 —1{cont <O0})egny is the usual “check”
function used in quantile regressions. The novelty here is the MIDAS structure in the non-linear quan-
tile estimation. Under suitable regularity conditions, the estimator 597,1, of the p-dimensional parameter
vector that minimizes (8), is asymptotically normally distributed with mean zero and a variance that can
be consistently estimated (see White (1996), Weiss (1991), and Engle and Manganelli (2004)). Once
we have estimates of go.25 ¢ (745 00.25.1n)s 90.50,¢ (Tt} 00.50,n) and qo.75.¢ (Tt.n; 00.75,n) , We substitute

them into expression (3) and obtain an estimate of the conditional skewness measure C'A; (1.

2.3 Data an Preliminaries

We have daily US dollar-denominated log returns, r, for a total of 76 indices, which include 73 country
and 3 global portfolio indices. The country portfolios, obtained from Datastream, are divided into 21
developed markets (including the US) as well as 52 emerging markets. For most developed and many
emerging markets, the data spans the period of January 1st 1980 to June 30, 2010 (the emerging markets
data prior to 1980 is almost non-existent). In the interest of completeness, our goal is to include as many
countries as possible, and countries with shorter data spans are introduced as soon as their returns are
available. Following Pukthuanthong and Roll (2009), we filter returns to purge holidays and non-
trading days.!> We use the MCSI World Index from Datastream as a proxy for the global World (W)
portfolio. Using the country returns, we construct two value-weighted portfolios of developed markets
(DM) and emerging markets (EM) daily returns using market capitalizations obtained from Global
Financial Data, Datastream, and the World Federation of Exchanges.!* To construct the daily DM and
EM portfolios for a given year, we use all available countries within each group at the beginning of that
year. The DM and EM portfolio returns are computed based on market capitalization weights from the

previous year.

BFor the exact filtering procedure, please see the Appendix or Pukthuanthong and Roll (2009).
“More details are provided in the Appendix.
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Table 1 presents return summary statistics for the W, DM, and EM portfolios as well as for all 73
countries. We present daily and yearly log returns statistics, where yearly log returns r; ,, are computed
as the sum of 250 daily log returns. The need for yearly returns arises because most of the macroe-
conomic variables (see below) are only available at annual frequency. Given the short time interval,
we construct returns in an overlapping fashion. The serial correlation in returns that is induced by the
overlap will be corrected for when computing the standard errors of the statistics. The countries are
sorted by their market capitalization at the end of 2009. The first two columns after the index name
display the initial date of the returns series and the number of daily observations available. All series
are available until June 30, 2010. The next two columns contain the annualized mean and standard
deviation of the log daily returns. The fifth and sixth columns display the traditional unconditional
skewness (normalized third moment) of daily (S(r;)) and yearly (S(7,)) log returns, while the sev-
enth column displays the unconditional robust measure of skewness of the yearly returns (C A(7¢ 1)),

defined in (1). Before proceeding, we make a few observations about S (), S(r¢), and CA(r¢ ).

The estimates of S(r;) across countries are mostly negative, a well-known fact documented in the
prior literature. However, we also notice that yearly returns are also skewed and sometimes even more
so than are daily returns. This fact, also discussed by Engle and Mistry (2007) and Ghysels, Plazzi, and
Valkanov (2010), is surprising because Central Limit Theorem intuition would imply that skewness
ought to converge to zero as the horizon increases. Moreover, the robust measure of skewness reaffirms
the negative skewness of annual returns.!> Finally, it is interesting to notice that with the exception of
three countries (Japan, Australia, and Austria) all developed countries exhibit negative unconditional

skewness.

We also present statistics of the returns filtered for GARCH and TARCH volatilities. Based on ex-
tensive evidence that the conditional mean and volatility of developed and emerging markets returns are
time varying, following the discussion in section 2.2, we express all daily log returns as r; = p; + 04&¢.
Estimates of ¢; are obtained by subtracting an AR(1) model for the conditional mean and dividing by
one of two widely-used volatility models, either a GARCH(1,1) or a TARCH(1,1,1).!® The GARCH-
and TARCH-filtered returns are denoted by 5? and atT and the corresponding yearly returns 7, by

ffn and fg: - Tespectively. The filtered returns ought to display less unconditional skewness, especially

'5Kim and White (2004) note that if we use C'A as a measure of skewness, daily returns are not nearly as skewed. This
fact has also been reproduced here and in Ghysels, Plazzi, and Valkanov (2010). However, annual returns are skewed, which
deepens the relation between skewness of returns at short and long horizons. For a more systematic analysis of this term-
structure of skewness, see Ghysels, Plazzi, and Valkanov (2010).

15We use the TARCH(1,1,1) specification of Zakoian (1994) to capture the asymmetry. Another model, the asymmetric
GARCH(1,1) of Glosten, Jagannathan, and Runkle (1993), produces almost identical results.
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under the TARCH. In fact, the TARCH model has been used extensively in the volatility literature to
capture the unconditional skewness of returns. If it is successful, then ¢} and fg ,, Must not exhibit un-
conditional skewness. However, this does not mean that there is no conditional skewness in that data,
as discussed in section 2.2. Relevant empirical results would be presented for both simple and filtered

returns in order to insure that our findings are not driven by simple GARCH/TARCH dynamics.

Columns 9 through 11 of Table 1 display the unconditional skewness of the GARCH-filtered daily
returns (S (stG ), yearly returns (S (ffn)), and the robust measure of skewness of the yearly returns
(CA (fﬁn)). The last three columns display the same statistics for the TARCH-filtered returns, S(e} ),
(S (7,,)). and CA (7). If we compare the unfiltered return statistics (columns 6-8) to those of
the filtered returns (columns 9-14), we see that the latter are less skewed. As expected, the TARCH-
filtered returns exhibit the least amount of unconditional skewness. For instance, for the world portfolio
return, S(r¢ ) is equal to -0.981, decreases to -0.147 for the GARCH-filtered returns, and to 0.048 for
the TARCH-filtered returns. Hence, the TARCH model is successful at capturing the unconditional
skewness of returns for that series. For other portfolios, such as the emerging markets portfolio, even
the GARCH and TARCH-filtered returns exhibit some unconditional skewness, which was also noted
by Bekaert and Harvey (1997). But in general, looking at the developed and emerging countries, a
similar picture emerges: the GARCH- and especially TARCH-filtered returns exhibit less unconditional

skewness.

Another interesting fact is that while the traditional measure of skewness .S is impacted significantly
by the GARCH and TARCH filters, the C' A skewness changes little with the filtered returns. This result
highlights the fact that .S can be - and empirically appears to be - invariant ARCH/GARCH effects.

2.4 Results

For all 76 portfolios, we obtain the conditional skewness estimates C' A (r¢,,) of returns by first es-
timating the 25th, 50th, and 75th conditional quantiles in (6-7) as discussed in section (2.2) and then
plugging them in (3).!7 We follow Ghysels, Santa-Clara, and Valkanov (2006) and specify wq(ry,) in

(7) as:
f(%: R1,0,n; ﬁ?ﬁ,n)

Zc?:l f(%a K1,0,n; ’%2,9,71)

17We estimate the quantiles separately. A joint estimating, while theoretically more efficient, has proven difficult to imple-
ment in practice.

©)

wd(”@,n) =
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where: f(z,a,b) = 271 (1 — 2)*~1/B(a,b) and B(a,b) is based on the Gamma function, or 3(a, b)
=T'(a)['(b)/T'(a + b). Ghysels, Sinko, and Valkanov (2006) and Sinko, Sockin, and Ghysels (2010)
discuss the properties of (9) and other lag specifications in detail. A main advantage of this “Beta”
function is its well-known flexibility. The function can take many shapes, including flat weights, grad-
ually declining weights as well as hump-shaped patterns. For instance, with x; = k2 = 1 one obtains
equal weights, whereas for k1 = 1 and k2 > 1 one obtains a slowly decaying pattern that is typical for
many time-series filters. The weights in (9) are normalized to add up to one, which allows us to identify

a scale parameter [3,,.

We follow Engle and Manganelli (2004), who find that absolute returns successfully capture time
variation in the conditional distribution of returns, and use absolute daily returns as the conditioning
variable in (7). While we could have used any conditioning information, the |r;_4| specification pro-
vides the most robust results. Alternative specifications based on the level and the squares of returns
provided similar, but slightly noisier estimates.'® More specifically, we use the three regressors, ¢,
|5tG| and ‘5?‘ as conditioning variables, each used in separate regressions. More generally, the problem
of selecting the right conditioning variables in the MIDAS conditional quantile regressions from a set
of possible candidates is exactly the same as in any other regression. In our context, if model (3) is
the true data generating process, then it must be the case that P (g¢,,+ < 0|1;—1) = 6. In other words,
1{€p.n+ < 0} must be uncorrelated with past information. For convenience, we define the variable
Hitpnt = 0 — 1{epn+ < 0} which takes on the value of @ — 1, if g9, s < 0, and 6, if g9, > 0. It

has a zero unconditional and conditional expectations (given I,_1)."

The estimated quantiles have 4 parameters each (ag ,,, 89,051,601, K2,0,,). Since it is impractical to

),

we make the following expositional choices. We present the main results for the world (W), developed

show all 4 estimates for 76 portfolios, 3 quantiles, and 3 conditioning variables (|r| , ‘atG‘ and ‘stT

markets (DM), emerging markets (EM) as well as for the largest countries in these portfolios, namely,

the United States (US) and China (CHA).

18In the Appendix, we also present results from regressions based on squared, cubed, and simple returns.

!“Based on this observation, a natural test for the validity of model (3) is to test whether E (Z;_1 Hitg ;) is significantly
different from zero, where Z;_ is a g-dimensional vector of I;_; measurable variables. Such a test was proposed by Engle
and Manganelli (2004), who show that (6 (1 — 0) E (T~' My Mz)) V2120 iy S N (0,1), where Zisa T x g
matrix with rows Z;_1 and Hitg , is a vector with elements Hitg ¢, for t =1,...,T. Based on that result, they propose
the following test for in-sample model selection

Hity . Z (MrMy) " Z' Hite
0(1-90)

DQ =

and show that DQ has a x? distribution with ¢ degrees of freedom. Unfortunately, we use overlapping data which precludes
us from using this test.
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Table 2 presents a set of the estimation results for the five portfolio returns. The first panel displays
the estimates of ag ,, and [3y ,, from the unfiltered returns |r| , for # = 0.25, 0.50, and 0.75 and n = 250.
P-values, based on robust standard errors, are displayed below the estimates. In addition, we display
the average hit rate, which should be close to zero, since it was used in the optimization step. Panels B
and C present the same results for ‘5? ‘ and ‘sﬂ returns, respectively. Note that the 3y ,, estimates are
mostly significant at conventional levels of significance. One exception is the 75th quantile for the US,
with a p-value of 15.1 %. For the GARCH and especially TARCH returns, the results are even more
impressive. The magnitude of (g ,, is larger, which is due to the normalization. But more importantly,
all the estimates are statistically significance. In fact, the estimates of 3y ,, are even more significant
with the volatility-filtered returns. Hence, the main finding is that quantiles can be predicted with past

absolute returns.

In Figure 2 we report the estimated 25th, 50th, and 75th conditional quantiles using estimates
specified in (6) involving 250-day lagged daily absolute returns, for three portfolios: World Index (top),
Developed Markets Index (middle), and Emerging Markets Index (bottom). We observe relatively little
time variation in the median and third quartile for the World and DM portfolios. In contrast, the EM
portfolio has slightly more variation in the median and third quartile. The real variation appears to be
in the lower quartile. For the World and DM we clearly identify the episodes of financial stress, such
as the ’87 crash, the burst of the Internet Bubble and at the end of the sample the recent financial crisis.
Each are marked by a downward movement in the 25th quantile. The sharpest drop occurs at the end of
the sample, marking the severity of the current crisis. The pattern for the EM portfolio is remarkably
different. The 25th quantile tends to move upwards during world financial crises, and in particular we
observe an upward trend in the three depicted quartiles during the recent financial crisis. The results in
Figure 2 give us a hint that the C'A; measures for the DM and EM portfolios might be negatively related,
and indeed they are as shown in Figure 3 where we plot the estimated conditional robust measure of
asymmetry appearing in equation (3), again for the three portfolios. The show the contrast between
DM and EM, we have two plots, the first covers the world portfolio separately, whereas the second
contains the DM and EM portfolios together. The top panel reveals the time series pattern, where most
of the time C'A; features negative values - the well-know negative skewness of stock market returns
- but occasionally also appears to be positive, notably right after the *87 stock market crash. We also
note the negative trend at the end of the sample, again illustrating the severeness of the current crisis.
The lower panel of Figure 3 is the most intriguing, and indeed displays the negative relation between

conditional asymmetries in DM and EM portfolio returns. This finding is to the best of our knowledge
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not found in the existing literature, and has profound implications for many topics including portfolio
allocation, international diversification, and most importantly begs the question: why do we observe

this pattern?

To continue our analysis, we turn to Table 3 where we present summary statistics of the C'A;
estimates for the simple returns (Panel A), as well as ‘5? ‘ (Panel B) and ‘5? ’ (Panel C) returns. In
addition to the world, DM, EM, US, and C'H A portfolios, we also present averages of the statistics
across countries (excluding the US and China), which are denoted by DM; and EM;, respectively.
In Panel A, we turn our attention to a few interesting findings. First, the average C' A; of THE world
portfolio is lower than that of the DM portfolio which is in turn lower than that of the EM portfolio.
This finding mirrors the summary statistics of the unconditional C'A measures, where we also found
that the asymmetry of the world portfolio returns is more negative than that of the developed markets
returns which is in turn more negative than that of emerging markets. In fact, the average C' A; estimates
are very similar to the unconditional C'A estimates in Table 1. Differences in average asymmetries
can also be observed between the US (—0.153) and C H A (0.041) portfolios. For the cross-country
averages, we observe a similar patter, albeit the difference is not as noticeable. Therefore, it appears

that large economies are generally more negatively skewed.

Second, and the most intriguing result noted in Figure 3, we note that the correlation between
the C'A;s of the DM and EM portfolios is —0.316. In other words, the asymmetry observed in the
two portfolios are negatively correlated. We note a similar negative correlation of —0.315 between
the C'Ays of the US and C'H A portfolios. However, the negative correlation is not entirely driven
by the two largest economies: the average correlation between C'A;s of individual DM economies
other than the US and the EM portfolio is —0.077. From an economic perspective, the negative
correlation between the conditional asymmetries is interesting for two reasons. First, it implies that
the international diversification benefits might be larger than suggested from a simple mean-variance
framework. Second, a recent work by Pukthuanthong and Roll (2010) documents that extreme return
movements across countries are positively correlated, which implies that their conditional skewnesses
ought to also be positively correlated. However, the C' A statistic measures asymmetries that are not
due to tail behavior. In that sense, ours ia a new finding that complements the results of Pukthuanthong

and Roll (2010).

Third, the average and all other summary statistics of C'A; are qualitatively similar for r¢, ‘eta

and ‘stc ‘ This is expected, because as discussed above, the quantile-based measure of asymmetry is

not sensitive to GARCH/TARCH effects. For the de-TARCHed returns in Panel C of Table Table 3,
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the average C A; are similar but smaller in absolute value than the results in Panel A. Also, in Panel
A, there seems to be a small, but statistically significant deterministic time trend in the C'A; series,
but after accounting for volatility with a TARCH, it is no longer present.In Panel C, the correlation
between DM and E' M portfolios are positive but small. This result solidifies our finding that, no matter
whether returns are simple or de-TARCHEGA, the C'A; measures between DM and EM portfolios do
not exhibit large and positive correlation. This finding implies that international diversification might

be more desirable than suggested by a simple mean-variance analysis.

To conclude we turn our attention to Figure 4 where the MIDAS quantile regression weights of
250-day lagged absolute returns are displayed. The top panel covers the DM portfolio return and the
bottom plot covers EM returns. A first striking observation is that the decay patterns for DM and EM
portfolio quantile regressions are very different. A second notable observation is that the decay patterns
are also very different for the 25th, 50th and 75th percentile. For the DM portfolio, the 75th percentile
regression puts the weights on the recent daily observations. Hence, the recent past determines mostly
the upper tail in the C'A; measure. The is not the case for the EM 75th percentile regression, where the
weights center on daily absolute returns half a year ago. For the median quantile MIDAS regression the
EM portfolio the recent past matters most, in contrast to the DM portfolio where the median regression
has MIDAS weights peaking at roughly one month lag. Finally, the 25th quantile MIDAS weight are
roughly flat for the DM portfolio and tilted towards the distance past for emerging markets. The plots
show that the quantile regressions feature very different dynamics across quantiles as well as across

markets.

3 Conditional Asymmetry and its Economic Fundamentals: Time-Series

Regressions

We use time-series regressions to explore the dynamics and co-movement of the conditional asymmetry
measures. In a first subsection we discuss the specifications that are motivated by economic theory and
previous work. In a second subsection we revisit the leverage effect in a conditional setting, analyzing

the relationship between conditional volatility and asymmetry.
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3.1 Co-movement in Conditional Asymmetry

It is natural to ask whether to what degree the time-variation in country-specific C'A; measures is due
to fluctuations in the world portfolio. In other words, can we trace the asymmetries to a world factor?
This question is particularly relevant because, as we saw in Table 3, the world portfolio returns exhibit
significant conditional asymmetry. In the framework of an international factor model (e.g., Solnik
(1974), Korajczyk and Viallet (1989), Korajczyk and Viallet (1986), Harvey (1991)), asymmetries in
the distribution of returns may arise either because of shocks to systematic risk factors that affect
the cross section of returns, or because of country-specific shocks. While it might be tempting to
decompose the conditional asymmetry of a portfolio return into components due to systematic and
idiosyncratic risk, the mechanics of such a decomposition are not straightforward and would likely

involve distributional assumptions, which is what we have so far been trying to avoid.?’

Rather, we propose an alternative approach. For each portfolio, we run the time-series regressions:
CAip = o + BiCAw, + uiy (10)

where 6’7%,5 and E’ZW ¢ are the estimated conditional asymmetry measures of country ¢ and the world
portfolio respectively, and 3; captures their co-movement.?! In other words, we represent the @i,t
series as a linear function of one factor: EZVW. The residual u;; captures movements in GZM that
are orthogonal to amt. This approach is a simple way of linking co-movements between return
asymmetries in the world portfolio with those of individual assets, without resorting to distributional
assumptions about the factors and idiosyncratic components of returns. It also captures the basic intu-
ition from a factor model, namely, that the systematic world factor might be the source of asymmetries

in the distribution of country returns.??

In Table 4, we present the results from regressions (10), where the E\AM are estimated using simple

2QOur skewness measure is a function of quantiles of returns gg (ri,¢,») (conditional or unconditional). A general de-
composition of the return quantiles into the quantiles of the systematic and idiosyncratic fluctuations is not possible without
further assumptions about the joint distribution of the factors and the idiosyncratic shocks. Modeling the systematic and
idiosyncratic parts of return separately involves the marginal distributions. If we want to transition from the marginals to the
joint distribution of returns, we have to take a stand on the dependence between these two marginal distributions. One way of
doing this would be through some parametric assumptions, such as a copula function. However, this would involve making
distributional assumptions, and would critically depend on the choice of copula which is what we try to avoid.

21Yet another approach is to decompose returns into systematic and idiosyncratic components and then to estimate the
conditional skewness measure for each component, separately.

22 Also related is Engle and Mistry (2007), who under certain identifying assumptions, working with the third moment of
returns rather than with quantile-based measures of asymmetry, derive a linear relation between the skewness of the asset
return and the skewness of the systematic factor.
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returns (Panel A), as well as |5tG } (Panel B) and ‘QG] (Panel C). In keeping with the format of previous
tables, we display results for the world, DM, EM, US, and C'H A portfolios, as well as averages
of the estimates across developed and emerging countries (excluding the US and China), which are
reported in columns DM, and EM;, respectively. The correlations of the regression residuals U; ¢ are

also displayed in the table.

In Panel A of Table 4, the estimate of 3; in the DM regression is 1.256, or as expected, the C' A;s
of the DM and W portfolios are positively correlated. Moreover, the R? in these regressions are high,
because developed markets represent a large component of the world portfolio. Similar results obtain
if we look at the corresponding coefficients in Panels B and C. The §; in the M regression is —0.219.
The negative sign is largely due to the volatility (or leverage) effect, discussed in the next subsection.
Indeed, for the de-GARCHed returns in Panel B, the ; is small (—0.015) and statistically insignificant.
For the de-TARCHed returns, it is 0.092 and significant only at the 10 percent level. Moreover, the
R?s in the E M regressions are very low. While the positive co-movement in the DM case is expected,
we find it intriguing that the asymmetry in emerging markets are uncorrelated with that of the world
portfolio. This suggests that, in emerging markets, the asymmetries might be driven by other factors

such political crises or financial market-liberalization trends.

Similar results are obtained for the U .S, C' H A, and the other countries. More specifically, in column
DM, of Panel A, the average 3; of all DM countries other than the U S is 0.213 and the average R? is
0.119. The average 3; of all EM countries other than C H A (column EM;) is —0.018 and statistically
insignificant. These results are qualitatively similar when we look across all three panels. Overall, we
find it surprising that fluctuations in @zt particularly in emerging markets, are not correlated with

E?lm as would be expected based on intuition from factor models.

3.2 Conditional Asymmetry and Volatility

A large body of literature has established a relation between higher volatility and negative returns. This
finding, known as the “leverage effect” has been documented in many ways. We revisit this effect here
for two reasons. First, replicating this stylized fact with the C'A; measure would lend further credence
to the fact we are capturing conditional asymmetry of returns. Second, while the leverage effect has
been well-documented for the US and developed markets, its presence in emerging markets has not
been examined as closely. The only exceptions are Bekaert and Harvey (1995) and Bekaert and Harvey

(1997)) who do not find support for leverage effects in emerging markets.
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For each portfolio in our sample, we estimate the following time-series regressions:
CAit=a; +BVolit+ e (11)

where @Z’,t is estimated as above and 1//31“ denotes an estimate of portfolio ¢’s volatility, which is
estimated from a MIDAS regression as in Ghysels, Santa-Clara, and Valkanov (2006). While there
are many volatility models - including the ARCH-type models we use for normalizing the returns, that
advantage of using MIDAS regressions for volatility is that ﬁi,t and @i,t use the same information

set of daily returns.

In Table 5, we present regression (11) with asymmetry estimates based on simple, de-GARCHed
and de-TARCHed returns and then regress EZM on @i,t which involves squared daily returns (since
we are estimating volatility it does not make sense to de-GARCH or de-TARCH the returns). The
estimates of «; and (3; for the world, DM, EM, US, and C H A portfolios are displayed along with
their p-values (based on Newey-West-robust standard errors with 60 lags) and the regressions R%s. We
also display the average regression estimates, average p-values, and average R?s from the other country

regressions.

We find that for the W and DM portfolios, the relation between the conditional measures of asym-
metry and volatility is negative and statistically significant. This finding is consistent with the leverage
effect results from the asymmetric GARCH literature. It is also in line the “volatility feedback™ hy-
pothesis of Campbell and Hentschel (1992).3 It is interesting to note that volatility fluctuations explain

from 9.7 percent (W portfolio) to as much as 58.7 percent (C'H A portfolio) of the variation in C' A;.

For emerging markets, the estimate of [3; is positive. This has also been observed (in a different
sample and with different methods) by Bekaert and Harvey (1995) and Bekaert and Harvey (1997).
However, if we look at column EM;—which displays the average estimate of beta; across all EM
markets—we observe a negative, large in absolute value, and statistically significant estimate of —3.955.
This implies that the anomalous positive estimate in the E'M portfolio is due to a few large countries.
Further analysis (not reported here) confirms this. Moreover, not all large emerging markets exhibit a

positive CA; ; - Vol; ; relation. For instance, the leverage effect is present in the C'H A portfolio.

2 Asymmetries arises in their model because large good news increase volatility and thus risk premia, partly offsetting the
positive effect on today’s return. On the contrary, when large bad news come they raise both volatility and risk premia, whose
effect is to depress even more contemporaneous returns. Thus, the asymmetric effect.
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4 Conditional Asymmetry and its Macroeconomic Determinants: Panel

Regressions

Thus far, we have related a country’s conditional asymmetry to the conditional asymmetry of the world
portfolio and to fluctuations in volatility. While these results help us understand the time-series and
co-movement properties of C'A;, they have very little to say about its economic determinants. More
fundamentally, can we trace the cross-sectional and time-series differences in the asymmetry measures
to economic fluctuations? In this section, we tackle this question by exploring whether C'A; can be
explained by a set of predetermined state variables. In selecting these variables, we are again guided
by both economic theory and evidence from previous studies which investigate the predictors of condi-
tional mean (Fama and French (1989), Goyal and Welch (2007), among others), volatility (Bekaert and
Harvey (1997), Engle, Ghysels, and Sohn (2008), Engle and Rangel (2008), Schwert (1989), among
others) and skewness (Chen, Hong, and Stein (2001), Boyer, Mitton, and Vorkink (2010), among oth-
ers). Since most of our conditioning variables are available only at annual frequency, our approach is to

investigate whether variables observed at the end of year ¢ forecast conditional skewness for year ¢ 4 1.

We do so using panel regressions. More specifically, we run the following regression:
CAipp1 =0+ 0iXit+eir (12)

where the vector X; ; contains the state variables (to be specified below), which are observable annu-
ally. We run the pooled regression for all countries and across time, using the annual estimates of our
CA; 141 measure, which is estimated using information available in year ¢. Additional details about

the estimation are provided in the results section below.

4.1 Conditioning Variables: Description and Summary Statistics

The variables in X; ; can be divided into two subsets: financial quantities and macroeconomic indica-

tors of a country’s economy.

Financial variables: The first financial variable we consider is the conditional volatility of a coun-
try’s stock market. As discussed in the previous section, volatility is necessary to capture the leverage
effect. Moreover, Chen, Hong, and Stein (2001) document a positive, albeit not statistically significant,

relationship between volatility and future skewness at the aggregate level. Similarly, Boyer, Mitton,

22



and Vorkink (2010) find that idiosyncratic volatility is a strong predictor of skewness. For consistency
with the previous section, our volatility measure (denoted VO L) is again the predicted annual volatility

using a MIDAS model of 250-day lagged squared returns.

Next, we consider a set of variables that measure liquidity and the degree of development of the
stock market. Among these, perhaps the most explored relationship has been that between skewness
and turnover. Hong and Stein (2003) propose a model in which heterogeneity in investors’ opinions
generates conditional skewness in stock returns. The key ingredient in their model is the fact that
bearish investors face short-sales constraints and are forced to step out of the market until they start
trading with some bullish investors who revised their opinion. Thus, higher volatility occurs when
negative news are released and thus induce negative skewness. Chen, Hong, and Stein (2001) use
turnover as a proxy for the intensity of disagreement and find that periods of unusually high turnover
are indeed generally associated with subsequent periods of lower (i.e. negative) return skewness. Our
measure on turnover is the log of the ratio of the total value of shares traded during the period to
the average market capitalization for the period (denoted by TU RN). The source is the World Bank

Database.

Two other variables, the market capitalization of a country’s stock market relative to its nominal
GDP (denoted E/GDP) and the number of companies listed in the Exchange (denoted NCOM P),
both measured in logs, capture, respectively, the relative and absolute size of the financial sector. The
data are taken from the World Bank Database, Global Financial Data, and the World Federation of
Exchanges. Just like the size of a stock, the size of the overall stock market can be related to the
asymmetry in returns. For example, one can argue that small countries release less information and
are harder to be under closer scrutiny of international investors. A similar argument is made by Chen,

Hong, and Stein (2001) to justify the positive skewness found for smaller stocks.

Finally, we include a measure of market liquidity. The effect of liquidity on skewness is studied
notably by Chordia, Roll, and Subrahmanyam (2000). Unfortunately, data on aggregate bid-ask spreads
is available just for a very limited number of countries. Therefore, we rely on Roll’s (1984) liquidity
proxy, which we denote LIQ). For each year ¢, we calculate L.I() over daily returns during that year.
Admittedly, it is possible that this quantity is capturing effects other than bid-ask spreads. For example,
positive correlation in returns may be due to asynchronous trading, which is more severe in countries
where stocks trade infrequently. Alternatively, one can think of the covariance (correlation) in stock
returns as related to the profitability of momentum strategies, arguably a measure of market inefficiency.

Yet, all these interpretations share the property that higher (less negative) values of LI() are associated

23



with more liquid markets.

Economic variables: Two interest-rate variables, a short-term interbank or government bond yield
(denoted T'BI L L) and the spread between a long-term and the short-term rate (denoted 7'S P R), and
the growth rate of real GDP (denoted GD Pg) capture changes in the investment opportunity set and
cross-sectional differences in macroeconomic conditions. We include the volatility of quarterly real
GDP growth, GDPV OL, calculated over the current and past two years as a proxy for macro un-
certainty. The source for these variables are Datastream, Global Financial Data, and the World Bank

Database.

To the best of our knowledge, the link between stock returns skewness and the macro economy has
been neither empirically explored nor cast in a theoretical model. Yet, some arguments can be made
on why we might expect them to play a role in our analysis. One argument follows from the asymme-
try in economic shocks which has been extensively documented and modeled in the macroeconomics
literature (see e.g. Neftci (1984), Hamilton (1989), Sichel (1993) and Acemoglu and Scott (1997)). If
some of these shocks propagate with lags and are amplified by leverage, we may expect these variables
to have some potential in determining future asymmetry in returns. In addition, several studies have
tried to relate the volatility of stock market returns to that of macro shocks (see Schwert (1989), Engle,
Ghysels, and Sohn (2008) and Engle and Rangel (2008)). Finally, these variables may further act as
fixed effects capturing cross-sectional differences in skewness which are either related to unobserved

factors or to factors we cannot directly measure.

Table 6 reports univariate and joint summary statistics for the estimated robust conditional skew-
ness and for the nine conditioning variables we consider. These statistics are calculated for the whole
universe of countries in Panel A, and then separately for Developed Markets (Panel B) and Emerging
Markets (Panel C). On the left hand side of Table 6, we show the cross-sectional average (Avg) and
standard deviation (Csd) of each variable’s time series Mean and Standard Deviation. On the right hand
side of Table 6, average time series correlations between the variables are displayed. For consistency
with our estimation approach, the correlations are calculated between conditioning variables observed
at the end of year ¢ (say, 31 December 2008) and the conditional skewness predicted for year ¢ + 1

(thus, the conditional skewness for 2009) estimated using the information of year ¢.

As we can see from the Table, the average conditional skewness is negative at -0.097 and is greater
(Iess negative) for Emerging Markets at -0.089 than for Developed Markets (-0.118). For the financial

and economic determinants, the differences between Developed and Emerging Markets are in line with
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common economic intuition and previous studies. The volatility of Emerging Market stock returns is
larger and more cross-sectionally dispersed than Developed Markets. Emerging Markets exhibit on
average a lower ratio of stock market capitalization to GDP, a much lower Turnover, fewer companies
listed, and a smaller degree of Liquidity. They also exhibit short-term interest rates which are on aver-
age higher (about 16.5% compared to 6.5%), more cross-sectionally dispersed (about 17% compared
to 2%), and more volatile (about 16% compared to 4%) than Developed Markets. GDP growth is some-
what higher on average for Emerging Markets during our sample period, but is much more volatile than

for Developed Markets.

Turning our attention to correlations, a few results are noteworthy. First, there is a negative corre-
lation between skewness and volatility. This effect is stronger for Developed Markets (correlation of
-0.319) than for Emerging Markets (-0.066), and is consistent with the effect described in Campbell
and Hentschel (1992). Second, the four measures of stock market development and liquidity display
just some modest correlation, the largest being that between the number of listed companies and the
relative size of the stock market (0.418 for DM and 0.351 for EM). Interestingly, the correlations for
Emerging Markets are broadly consistent with those reported in Bekaert and Harvey (1997) despite
the fact they are calculated on a different sample period. Third, stock returns volatility is positively

correlated with economic uncertainty, in particular for Emerging countries.

4.2 Regression results

We present the results from running the pooled regressions (12) where X; ; contains the five financial
variables, [VOL, TURN, E/GDP, NCOM P, L1Q)], the four economic variables [Tbill,T'SPR,GD Py,
VOLGD P], and a linear time trend, T'rend, which is meant to capture changes through time in uncon-
ditional volatility which are not captured by any of the other variables.?* From a time-series perspective,
the panel is unbalanced for two reasons. First, as already discussed, the starting date of each stock mar-
ket index is different across countries and varies from the beginning of 1980 (for most of the Developed
Markets) to the end of 2000 (for Bulgaria). In addition, not all the determinants may be available for
the entire period of the stock market data. For example, international data on turnover begins in 1995
for most countries while the number of companies starts in 1988. Data on long-term government bond

yields is sparse for Emerging Markets, and so is quarterly GDP. Our approach in this case is to include

24 An alternative approach is to include year fixed effects. We verified that our results are robust to year fixed effects but
the ¢-statistics deteriorate as more regressors are included. This is to be expected given the loss of degrees of freedom arising
from the addition of the 28 time dummies.
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all country’s data as long as their become available. The information on each country is then restricted

to the smallest period for which observations on all conditioning variables are present.>

Table 7 reports the OLS estimates of the slope coefficients of our pooled regression. Below the
estimates, round brackets denote ¢-statistics based on the standard OLS formula for spherical standard
errors, while square brackets denote t-statistics obtained from clustered standard errors at both the
country and year level.”® As we did for Table 6, we separately look at the results for the World (i = 1

to 73), Developed Markets (¢ = 1 to 21), and Emerging Markets (i = 22 to 73).

Four regression specifications are reported for the world, DM and EM portfolios. The first involves
conditional volatility, trend and a constant. The second regression adds all the financial variables,
the third adds the macro variables. Finally, the fourth regression specification involves de-TARCHed
returns and includes all the aforementioned regressors. For the world portfolio we find that VOL,
TURN appear to be the most significant, both having a negative impact on conditional skewness.
Among the four economic variables T'bill and T'S P R appear to be most significant and are positively
related. Looking at the fourth specification we note that the conditional skewness of de-TARCHed

returns yield similar results, including the fact that conditional volatility remains significant.

The next set of four columns covers developed market returns. We find results similar to those for
the world portfolio with some notable exceptions. First, conditional volatility is no longer significant
when we consider conditional skewness of de-TARCHed returns. This indicates that for developed
markets de-TARCHed returns adequately remove conditional volatility. We also find more significant
impact of the liquidity measured via LI on conditional skewness. For the macro economic variables
we find that the volatility of GDP growth is now also more significant and its impact is negative. The
most remarkable result in Table 7 emerges when we compare the findings for developed and emerging
markets. The negative relation between the conditional skewness of DM and EM portfolio returns can
be explained by the opposite sign of exposure to macroeconomic fundamentals. For example, DM
portfolio conditional skewness relates positively to turnover, while EM portfolio conditional skewness
is the opposite. Liquidity has a significant negative impact on conditional skewness for DM and the
opposite sign for emerging markets. The response to short term interest rates is negative for DM
portfolio returns conditional skewness, while EM conditional skewness reacts positively. The same is

true for 'S PR. In some cases we find the same sign. This includes GDP growth volatility and in the

B Given the fact we are using annual observations, restricting to the countries having at least a certain number of time series
observations would severely reduce our sample size and bias our analysis toward Developed Markets.

%See Petersen (2009) for a detailed comparison of the relative performance of standard and clustered standard errors in
financial panel data.
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case of GDP growth - the impact is not statistically significant for DM, but has a negative impact on
conditional skewness. Hence, more growth implies more downside risk for emerging markets. Finally,
it is also noteworthy that conditional volatility remains significant even when the conditional skewness

of EM of de-TARCHed returns.

S Conditional Asymmetry and Portfolio Implications

Figure 5 displays the conditional annual volatility of DM and EM returns based on a MIDAS model
on 250 lagged squared daily returns and the rolling correlation between the two returns series using
a 250-day window of simple returns and filtered returns from a TARCH(1,1). The plots clearly show
why it has often been argued that the benefits from international diversification are limited given the

strong co-movements in volatility and high correlation in returns.

The asymmetry measure C'A has revealed that international returns are not only skewed but also
that the skewness varies significantly over time. In an international portfolio context, this finding
implies that investors can improve upon the standard mean-variance allocation results by taking into
account other features of the return distribution, such as its asymmetry, while making optimal portfolio
decisions. A similar remark was made by Bekaert, Erb, Harvey, and Viskanta (1998). Moreover, the
time variation in the skewness presents the intriguing possibility that investors may want to re-balance
their positions based on the conditional asymmetry of a country relative to that of other countries. This
is particularly true since, as we have observed, the conditional asymmetries of emerging and developed
markets are either uncorrelated or negatively correlated. The straightforward approach of taking distri-
butional asymmetries into account is to model the joint return distribution of 73 countries. Practically
speaking, this is not possible, especially since we only have 29 years worth of data. Therefore, we
use a parametric portfolio approach of Brandt, Santa-Clara, and Valkanov (2009), which consists of
directly specifying the portfolio weights as a function of country-specific characteristics. In our case,
the characteristic of interest is the asymmetry of a country return, C'A. Since the approach is still novel

and has to be modified for our application, we briefly describe it below.

5.1 Methodology

The goal is to investigate whether the estimated conditional return asymmetry C'A; ; (; ;) will help

improve investors’ asset allocation. The subscript 7 denotes country ¢ and there are N; number of
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countries at each point in time, {. Here, we concentrate exclusively on yearly returns and drop the
horizon subscript n. An investor chooses portfolio weights w; ; to maximize the conditional expected

utility of the portfolio’s return 7}, 441,

max  Ep [u (rp,p11)] (13)
{wi,t}i:tl
where rp, ;11 = Zf\ﬁl wj 47 t+1. Following Brandt, Santa-Clara, and Valkanov (2009), we specify the

portfolio weights of each country as

1 —
Wit = w;ni + XiN CAi,t
t

o m ca
= Wit Wy

where wy'; is the weight of country ¢ in year ¢ in the value-weighted market portfolio, x is a parameter
to be estimated, and E'Zi,t is the asymmetry measure of country 7, standardized in each period ¢ to have
mean zero and unit standard deviation. The normalization 1/NV; allows the number of countries to vary
across periods without affecting the allocation. The deviation w;j} from the market weight, which can
be interpreted as the “actively managed” weight, tilts the portfolio toward or away from w;’;, depending
on C'A; ; relative to the cross-sectional mean. The portfolio return can similarly be decomposed into

two parts

J— m ca
Tpt+1 = Tef1 + T

m N m,.. : : ca __ Ny ca,. . :
where 1y | = Zi:l Wi 18 the value-weighted market return and r{¢, = Zi:l WGTi e 18 the

return from the actively managed portfolio.

While the portfolio weights are optimized over the entire cross-section of countries, we also want
to report the portfolio allocations and returns on developed and emerging countries. To investigate
that, we report the sum of the weights placed on DM and EM returns, which are denoted as wpas¢ =
> 1ZD¢M wiy and wEpE =Y, 1ftM wj ¢, where 11%M (1ftM ) is an index variable that equals to one if
country 7 is developed (emerging) at time ¢ and zero otherwise. To capture the part of those weights
that are actively managed, we define wigy,, = 15tM wiy and Wi, = >, lftM wgy. Since wify

+wgh . =0, the actively managed part captures the net re-balancing between developed and emerging

markets.
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The total portfolio return can be decomposed as

Tpt+1 = TDMt+1 + TEM,t+1 (14)

where rparir1 =), 11%M WigTig1 and TENM 41 = D, 1ftM w; 47 ++1 are the returns attributable to
developed and emerging markets, respectively. The DM portfolio return can further be decomposed

into a market component and an actively managed component as

_ m ca
TDM,t+1 = TDMt+1 T DM t+1

m _<xMNt 1DM
where 775, = > Ly

turns can be decomposed in a similar fashion. In sum, the portfolio return decomposition is 741 =

m,.. ca _ Nt {DM, ca,.. :
Wit anerM’tH =30 1i’t Wit The emerging markets re-

m a m a
"DMmi+1 T "Dyt Y TEM i1 T TEM 41

Based on these decompositions, we can compute two correlations

ca ca
Corr (TDM,t+1a TEM,t+1)

Corr (rpa,i+1, TEM,t+1) -

The correlation of the actively managed part, Corr <r}f§‘M7t 1 TEME +1) , is only due to fluctuations in
C'A. This is the correlation of interest to us. The total correlation between the DM and EM returns,
Corr (rpm,t+1,TEM+1) , is affected not only by allocations due to C'A but also by fluctuations in the

market weights.

We can augment the setup to include other conditioning information, such as volatility or other
macro variables by expanding the weight function as w;; = w;’ + XN%@M +7 N%f[” = w; +wit+
wgft, where I;Q-,t is a vector of other conditioning variables, 1 is a vector of coefficients to estimate.
We are interested in w{$ which is the part of the weights due solely to fluctuations in C'A. This is
very much like regression analysis, where we are looking for the marginal impact of a variable. All all

decompositions carry through.

5.2 Results

We follow Brandt, Santa-Clara, and Valkanov (2009) and estimate the parametric portfolio functions

by maximizing the sample analogue of the expected utility function with respect to the parameters of
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interest. The estimates obtain using the entire panel of 73 countries over 29 years of data.

In Table 8, we present the results for a power utility function with coefficient of relative risk aversion
of 5. In the first column (VW), we present the results for the benchmark, value-weighted portfolio with
no country-specific characteristics. In that portfolio, the average weight placed on EM countries is
9.329 percent (wgys) and the return from those countries is 0.2 percent whereas the return from the
DM countries is 8.5 percent. The correlation between those two returns is 0.623, which is not surprising
since most countries have a positive beta with respect to the world portfolio. Column (1) contains the
estimates of the parametric portfolio weights. The estimate y of CA implies that investors prefer
positively skewed returns. It is statistically significant at conventional levels. The inclusion of C'A tilts
the portfolio allocation toward EM countries, because their are less negatively skewed. The average
Wiy, 18 7.781 percent (which implies that the average w{j,,, is -7.781 percent). Under the value
weighted portfolio, the EM countries had an average weight of 9.329 percent which now increases
to 17.109 percent (9.329+7.781). This is nothing but decomposition (14) for the EM countries. More
interestingly, tilting the portfolio toward positively skewed stocks produces a return from this strategy of
2.8 percent for the EM countries and 1.0 percent for the DM countries. More importantly, the estimated
Corr (T%M,t +1 TEM +1> is -0.316. This is consistent with the previous (time-series) results that the
skewness of EM and DM countries is negatively correlated. It is that negative correlation in the skews

that also produces a negative correlation in the returns.

The total average returns rgaz ¢+1 and rpas ¢4+1 of the CA strategy are 3.1 percent and 9.5 percent,
respectively. Some of that return is directly traceable to the CA part (previous panel), while the rest is
due to the market weights. The correlation between these two returns is -0.001, which is quite different
from that of the value-weighted case. This is due to the fact that the CA characteristic allows a certain
amount of diversification, as show by the Corr (rcﬁM’t 1 TEM +1> of -0.316. The sum of the two
parts equals to the total average return of the entire portfolio, which is 12.6 percent. Notice that adding
the CA information increases the average return from 8.8 percent (value-weighted case) to 12.6 percent.
The volatility of the portfolio return also increases but only slightly from 20.9 percent to 21.1 percent.
The certainty equivalent increases significantly as well, from -21.8 percent to -0.7 percent. This is an

increase of 21.1 percent. Of course, this is an in-sample exercise.

In panel (2), we include the estimated volatility as an additional country-specific characteristic. We
do so, since we have already observed a negative correlation between the skewness and volatility. We
control for volatility in the portfolio policy function to prevent the skewness effect to be due purely

to its negative correlation with volatility. The inclusion of the volatility does not change the results
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significantly. The skewness is still significant, albeit the coefficient is slightly smaller in magnitude.

The coefficient of the volatility is negative and also significant.

The inclusion of the volatility in the portfolio policy does not qualitatively change the alloca-
tions and portfolio returns. The average portfolio tilt that is due to EM is 5.73 percent, which im-
plies that EM countries have an average weight of 15.059 percent (9.329+5.73). The correlation
Corr (rCDant 1 TEM +1) is unchanged at -0.316, because it only depends on the characteristic CA,
but not on the coefficient estimate of y. Interestingly, the average return of this strategy is only 7.6
percent, but its volatility is also very low at 13.3 percent, which produces a certainly equivalent return

of 3.1 percent.

In panel (3), we include the log of market capitalization over GDP (In(E/GDP)) and the growth
rate of real GDP (GDP) of all countries. These two variables are significantly correlated with the CA
measure, either in the entire cross section, or in the EM or DM sub-samples (see Table 7). The two
variables are also available for all countries in the 1981 to 2009 period. Including other variables
would significantly reduce the time series and cross-sectional dimension of our data. Including these
two controls does not alter our results: the coefficient on the skewness measure remains significant
and positive. The volatility coefficient, on the other hand, is now insignificant. The added measures
are both significant and positive. In other words, the optimal portfolio is tilted toward countries with
positive asymmetry, higher log market capitalization to GDP ratio, and higher GDP growth rates. None
of the other allocation or returns results are altered by the introduction of the additional controls. The
portfolio is still tilted toward EM countries who now get 17.772 percent of the allocation because of
the CA characteristic. The correlation Corr (rpart+1,7E M,t+1) is -0.065. Moreover, the inclusion of
the extra controls increases the returns of the overall portfolio, raises its volatility, and the certainty

equivalent return reaches 30.5 percent.

6 Conclusions

We use a new approach to estimate the conditional asymmetry in portfolio returns and study a large
cross-section developed and emerging markets. One of the most surprising results we find is that the
correlation between asymmetries of DM and E'M portfolio returns is either zero or slightly negative,
depending on whether or not we de-TARCH the returns. This is in sharp contrast with the results
that the correlation of the returns themselves is large, positive, and the volatilities between developed

and emerging markets exhibit significant co-movements. This finding has profound implications for
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international diversification and prompts many questions about the sources of this negative relationship.

We find that while the asymmetry in developed markets can be explained by asymmetries in the
world portfolio return, this is not the case for emerging economies. This implies that, in emerging
markets, the time-variation in the C'A; measure is most likely driven by country-specific shocks. We
also show that C'A; is negatively related to volatility fluctuations for DM as well as EM portfolio re-
turns. This result is consistent with the leverage effect literature. Finally, we examine to what extent the
negative relation between the conditional skewness of DM and EM portfolio returns can be explained
by economic fundamentals, including: (1) turnover, (2) the capitalization of a country’s stock market
relative to its nominal GDP, (3) the number of companies listed on the exchange, (4) a measure of
market liquidity, (5) a short-term interbank or government bond yield, (6) the growth rate of real GDP
and (7) the volatility of quarterly real GDP growth. We find that most of these economic fundamentals
help predict future conditional skewness, and most interestingly the negative relation between the con-
ditional skewness of DM and EM portfolio returns can be explained by the opposite sign of exposure

to macroeconomic fundamentals for DM and EM portfolio returns.

To conclude, we investigate the economic relevance of return asymmetry in an international port-
folio allocation setting. Using the parametric portfolio approach of Brandt, Santa-Clara, and Valkanov
(2009) we find that the optimal portfolio is tilted toward countries that are less negatively skewed,

which in our setting are the emerging economies.

The are still many issues that we did not cover and leave for future research, such as the term struc-
ture of conditional asymmetry (see e.g. Ghysels, Plazzi, and Valkanov (2010)) and many econometric

issues in the estimation of conditional asymmetry.

32



References

Acemoglu, Daron, and Andrew Scott, 1997, Asymmetric Business Cycles: Theory and Time Series

Evidence, Journal of Monetary Economics 40, 501-533.

Ait-Sahalia, Yacine, and Jean Jacod, 2007, Testing for jumps in a discretely observed process, Annals

of Statistics, forthcoming.

Alper, C. Erme, Salih Fendoglu, and Burak Saltoglu, 2008, Forecasting Stock Market Volatilities Using
MIDAS Regressions: An Application to the Emerging Markets, MPRA Paper No. 7460.

Andersen, Torben, Tim Bollerslev, and Frank X. Diebold, 2007, Roughing it up: Including jump com-
ponents in the measurement, modeling and forecasting of return volatility, The Review of Economics

and Statistics 89, 701-720.

Andreou, Elena, Eric Ghysels, and Andros Kourtellos, 2010, Regression Models With Mixed Sampling

Frequencies, Journal of Econometrics 158, 246-261.

Bali, Turan, and Nusret Cakici, 2009, Tail Risk and Expected Stock Returns, Working Paper, Baruch
College.

Barndorff-Nielsen, Ole E., and Neil Shephard, 2004, Power and bipower variation with stochastic

volatility and jumps, Journal of Financial Econometrics 2, 1-48.

Bekaert, Geert, Claude Erb, Campbell R. Harvey, and Tadas Viskanta, 1998, Distributional Charac-
teristics of Emerging Market Returns and Asset Allocation, Journal of Portfolio Management pp.

102-116.

Bekaert, Geert, and Campbell R. Harvey, 1995, Time-varying world market integration, Journal of
Finance 50, 403—444.

, 1997, Emerging equity market volatility, Journal of Financial Economics 43, 29-77.

Bekaert, Geert, and Guojun Wu, 2000, Asymmetric volatility and risk in equity markets, Review of

Financial Studies 13, 1-42.
Bowley, A., 1920, Elements of Statistics (New York: Charles Scribner’s Sons).

Boyer, Brian, Todd Mitton, and Keith Vorkink, 2010, Expected idiosyncratic skewness, Review of
Financial Studies 23, 169-202.

33



Brandt, Michael, Pedro Santa-Clara, and Rossen Valkanov, 2009, Parametric Portfolio Policies: Ex-
ploiting Characteristics in the Cross Section of Equity Returns, Review of Financial Studies 22,

3411-3447.

Campbell, John Y., and Ludger Hentschel, 1992, No news is good news: an asymmetric model of

changing volatility in stock returns, Journal of Financial Economics 31, 281-318.

Chang, B., P. Christoffersen, and K. Jacobs, 2009, Market Skewness Risk and the Cross-section of
Stock Returns, Working Paper, McGill University.

Chen, Joseph, Harrison Hong, and Jeremy Stein, 2001, Forecasting crashes: trading volume, past

returns, and conditional skewness in stock prices, Journal of Financial Economics 61, 345-381.

Chen, Xilong, and Eric Ghysels, 2010, News - good or bad - and its impact on predicting future

volatility, Review of Financial Studies, forthcoming.

Chordia, Tarun, Richard Roll, and Avanidar Subrahmanyam, 2000, Commonality in liquidity, Journal

of Financial Economics 56, 3-28.

Christoffersen, P.F., V.R. Errunza, K. Jacobs, and X. Jin, 2006, Is the Potential for International Diver-

sification Disappearing?, Paper available at http://ssrn.com/paper=1573345.

Conrad, Jennifer, Robert Dittmar, and Eric Ghysels, 2009, Ex ante skewness and expected stock returns,

Unversity of North Carolina Working Paper.

Engle, Robert, and Simone Manganelli, 2004, Caviar: Conditional autoregressive value at risk by

regression quantiles, Journal of Business and Economic Statistics 22, 367-381.

Engle, Robert, and Abhishek Mistry, 2007, Priced risk and asymmetric volatility in the cross-section
of skewness, Working Paper, NYU Stern School of Business.

Engle, Robert, and Jose Gonzalo Rangel, 2008, The spline-garch model for low-frequency volatility

and its global macroeconomic causes, Review of Financial Studies 21, 1187-1222.

Engle, Robert F., Eric Ghysels, and Bumjean Sohn, 2008, On the economic sources of stock market

volatility, Discussion Paper NYU and UNC.

Escanciano, Juan Carlos, 2009, Quasi-maximum likelihood estimation of semi-strong GARCH models,

Econometric Theory 25, 561-570.

34



Fama, E.F.,, and K.R. French, 1998, Value versus growth: The international evidence, Journal of Fi-

nance 53, 1975-1999.

Fama, Eugene F., and Kenneth R. French, 1989, Business conditions and expected returns on stocks

and bonds, Journal of Financial Economics 25, 23-49.

Forsberg, Lars, and Eric Ghysels, 2006, Why do absolute returns predict volatility so well?, Journal of

Financial Econometrics 6, 31-67.

French, Kenneth R., William Schwert, and Robert F. Stambaugh, 1987, Expected stock returns and

volatility, Journal of Financial Economics 19, 3-29.

Ghysels, Eric, Alberto Plazzi, and Rossen Valkanov, 2010, On the Term Structure of Conditional Skew-

ness in Stock Returns, Work in progress.

Ghysels, Eric, Pedro Santa-Clara, and Rossen Valkanov, 2004, The midas touch: Mixed data sampling
regressions, Discussion paper UNC and UCLA.

, 2005, There is a risk-return tradeoff after all, Journal of Financial Economics 76, 509-548.

, 20006, Predicting volatility: getting the most out of return data sampled at different frequencies,

Journal of Econometrics 131, 59-95.

Ghysels, Eric, Arthur Sinko, and Rossen Valkanov, 2006, MIDAS Regressions: Further Results and

New Directions, Econometric Reviews 26, 53-90.

Glosten, Larry R., Ravi Jagannathan, and David E. Runkle, 1993, On the relation between the expected

value and the volatility of the nominal excess return on stocks, Journal of finance 48, 1779-1801.

Goyal, Amit, and Ivo Welch, 2007, A comprehensive look at the empirical performance of equity

premium prediction, Review of Financial Studies 21, 1455-1508.

Groeneveld, Richard, and Glen Meeden, 1984, Measuring skewness and kurtosis, The Statistician 33,
391-399.

Hamilton, James, 1989, A New Approach to the Economics Analysis of Nonstationary Time Series

and the Business Cycle, Econometrica 57, 357-384.

Harvey, Campbell R., 1991, The World Price of Covariance Risk, Journal of Finance 46, 111-157.

35



——, 1995, Predictable Risk and Returns in Emerging Markets, Review of Financial Studies 8,
773-816.

, and Akhtar Siddique, 1999, Autoregressive conditional skewness, Journal of Financial and

Quantitative Analysis 34, 465-487.

Henry, P.B., 2000, Stock market liberalization, economic reform, and emerging market equity prices,

Journal of Finance 55, 529-564.

Hong, Harrison, and Jeremy C. Stein, 2003, Differences of opinion, shortsales constraints, and market

crashes, Review of Financial Studies 16, 487-525.

Kim, Tae-Hwan, and Halbert White, 2004, On more robust estimation of skewness and kurtosis, Fi-

nance Research Letters 1, 56-70.

Korajezyk, Robert, and Claude Viallet, 1986, International arbitrage pricing theory: An empirical in-

vestigation, Journal of Finance 41, 313-330.

, 1989, An empirical investigation of international asset pricing, Review of Financial Studies

2, 553-585.

Leén, Angel., Juan M. Nave, and Gonzalo Rubio, 2007, The relationship between risk and expected

return in europe, Journal of Banking and Finance 31, 495-512.

Leén, Angel, Gonzalo Rubio, and Gregorio Serna, 2005, Autoregressive conditional volatility, skew-

ness and kurtosis, The Quarterly Review of Economics and Finance 45, 599-618.

Neftci, Salih, 1984, Are Economic Time Series Asymmetric over the Business Cycle?, Journal of

Political Economy 92, 307-328.

Pearson, Karl, 1895, Contributions to the mathematical theory of evolution. II. Skew variation in ho-

mogeneous material, Philosophical Transactions of the Royal Society of London. A 186, 343-414.

Petersen, Mitchell A., 2009, Estimating Standard Errors in Finance Panel Data Sets: Comparing Ap-
proaches, Review of Financial Studies 22, 435-480.

Pukthuanthong, Kuntara, and Richard Roll, 2009, Global market integration: An alternative measure

and its application, Journal of Financial Economics 94,214 — 232.

, 2010, Internationally correlated jumps, UCLA Anderson School Working Paper.

36



Roll, Richard, 1984, A simple implicit measure of the effective bid-ask spread in an efficient market,

Journal of Finance 39, 1127-1139.

Schwert, William G., 1989, Why does stock market volatility change over time?, Journal of Finance
44, 1115-1153.

Sichel, Daniel, 1993, Business Cycle Asymmetry: a Deeper Look, Economic Inquiry 31, 224-236.

Sinko, Arthur, Michael Sockin, and Eric Ghysels, 2010, Matlab toolbox for midas regressions, Avail-

able at http://www.unc.edu/~eghysels/Software_datasets.html.

Solnik, Bruno, 1974, The international pricing of risk: An empirical investigation of the world capital

market structure, Journal of Finance 29, 48-54.

Weiss, Andrew A., 1991, Estimating nonlinear dynamic models using least absolute error estimation,

Econometric Theory 7, 46-68.

White, Halbert, 1996, Estimation, inference and specification analysis (Cambridge University Press).

, Tae-Hwan Kim, and Simone Manganelli, 2008, Modeling autoregressive conditional skew-
ness and kurtosis with multi-quantile caviar, in Robert F. Engle, and Halbert White, ed.: A Festschrift
in Honor of Clive W.J. Granger. Oxford University Press.

Xing, Y., X. Zhang, and R. Zhao, 2010, What Does the Individual Option Volatility Smirk Tell Us
About Future Equity Returns?, Journal of Financial and Quantitative Analysis 45, 641-662.

Zakoian, Jean-Michel, 1994, Threshold heteroskedastic models, Journal of Economic Dynamics and

Control 18, 931-955.

37



#xxCEC07 %41 COT'T- 44568970~ «Cel'0- «0LE0"  4xx08€°0- wxxLTT0™ s CEO6°0" *xxE1V°0" SIE0 €910 69LS 88/10/50 OJIX3N

«xCLT0" #«xCS9°0"  xxx6EC0- V9107 4440890 44xS8E0- 900'0-  4xxCCT'1- ++x0CS0" 0  0CI'0  89v¢ $6/60/70 BISSIY
€000 1600 «x+8L0°0- 610°0- CLTO  sxx¥61°0- 1700 LSOO w4x011°0" I1€°0 €800  ¥IS9 S8/10/€0 uemre],
980°0- C6T0~  «xx¥S9°0- 1L0°0- «S9€°0"  «x+0CL0- 1700 v 0- ++x0€5°0" 89C°0  COI'0  9S6L 08/10/20 BOLIJY (In0og
70°0- S8I'0-  «xx01¥°0- €80°0- LITO~  «xx8S€°0- €100 «xxSELO- w4 106£°0" 9T¢€'0 6500  08LL 08/10/20 BAI0Y YInos
«€C1°0 691°0- «x£90°0 £€80°0 8CI'0-  «x+9€C0- 8¥0°0 «C17°0- 0€0°0- 88C°0 8800  ¥96S L8/10/S0 eIpup
xxx£6C°0" #x£97°0- +xx09€°0 +xxC9€0" «8EV0- «xx0C8'¢C «xx9LT 0" «x8€9°0" 5xxL95°0 8790 6010 6269 €8/70/€1 [1zelg
xxx1€C0 IWED  wxxPLEO- *«xS61°0 %«89€°0  %xx959°0- w4 ELE0 «6LE°0 ++x£8€°0" 98¢0  2O0I'0  S96% 16/70/¥0 BUIYD
sjojIeIAl Surdofaadq
xxS9007  4xx998'0" 4 SCTLO- wxxC9007  4xx8T8'0"  susPP90- wx4x8CE0"  4xx806SC"  4xxLO1°6C LyE0  TTO0-  €9%F £6/10/S0 pue[ad]
wxLT°0" 00~ wxxlEVO- xx081°0- 121°0-  4xx 870 s C1C0 %%4996°0" w4 VSL0" Y170 8600  ¥S6L 08/10/20 pueaI]
%xxx€9C°0 xxxE0L'0  %xx90€°0" xxxCCC0 #x07S'0  4xx6CV'0- *xxxSSC0 «+87S°0 w407 0" S61'0 9600  ¥S6L 08/10/20 eLysny
«91T°0- +x£86°0" #5180 080°0- «x987°0- w1180 €0T°0-  %xx606'0- %x%C950 o I11°0  899L 08/10/20 Jrewusq
#«x091°0" 00807 xxx€9C°0- «9C1°0- +x196°07  %4x00€°0- «x9000" x4« 180" +4%C01°0" L6C0 8800  L86F 16/10/€0 pueuLy
6L0°0- LOT'0"  44xSPE0- «EV1°0- €6T°0"  «++007°0- 9L0°0-  4xxEIL0- ++x0€9°0" €970 6600  SS6L 08/10/€0 KemIoN
10" ELTO- 18170 09170~ «O0CV' 0 5xxLSTO- wxIST0 x446£8°0" +xx0€C0" S8I'0  00I'0  9S6L 08/10/20 wniseg
S80°0- 20T0~  «%x997°0- 0S0°0- IPE€0-  «4+6TS°0- SS0°0- 0020~ ++x9€6°0" ccc0  601°0 9S6L 08/10/20 arodesurg
#«x961°0- #xC19°0"  %xxCST0 *«x8ST1°0- #xCLY0™  wxxLTE0 wx€L107  wwnlV9'1- +4x80€°0" 961°0 I11°0  9S6L 08/10/20 SPUBLISION
«xx58€°0" 100 wxx SOV L +xx007°0" Y120~ *+x879°0 x4 7SE0" 6090~ ++xx5€9°0 ¥wCc0 201’0 OCLL 08/10/20 uapamg
00 xxkLSLO 5xx681°0" L00'0 «xCC90  xxxELTO" 170°0- sxxVILO «xxL817°0" LETO  T60'0  9S6L 08/10/20 Aei
xxxLEC0" COI'0  wxx¥PV 0O w44 SVC 0" Y200 «xx£0S°0- *«x081°0- 110°0- w4 LEEC 0" €LI'0  SOI'0  9S6L 08/10/20 PUBLIdZIIMS
€00 €970 %xx987°0- 900°0- <0070 «xx8LS°0" €100  4%x069°0- 44%xC167T" ¥TT0 10T°0  9S6L 08/10/20 elensny
sk 1 LT0” €S0°0  xxxLl6V0" xxx9LC 0" §60°0-  %xxC95°0- wxxC1C0" 91¢°0- w47 1C0" eT0  ¥LOO  TLLL 08/10/20 Aueurron
9900 wFIP0  4xxS6£°0" 200 LI9TO  «xxSSYO- YI1°0- 18C°0 4% CE10" CIT0  €L00  €SLL 08/10/20 uredg
+x¥81°0- «L0V'0- s ¥SS0- sk CVC 0" «19€°07  xxxCC6°0- OLT0"  wxxLTO'0- s VELT- ¢61'0 0800  LELL 08/10/20 epeue)
010" 9€I'0  4%x60€°0- *xxS9C°0" POT°0-  4%x09€°0- *xx8CC0" «LLEO- +4%xCSC 0" LOTO0  00I'0  9S6L 08/10/20 ouel]
wxx CLT 0" V07 «x4960'1- w1 L9E°0" 00507 xxx068°0- xxx8CC 0" +x709°0" +xxLS0°C ¥6T0  ¥80°0  ¥¥LL 08/10/20 Suoy Suoyq
«011°0- SCT0-  «xx9€€°0- €L0°0- +98€°0"  xxx6LE°0" «x9ST°0"  wuasxLST'I- ++x00£°0" €61°0  90I'0  9S6L 08/10/20 AN
001°0 «xS79°0 S10°0- €100 V9170 «x£90°0" 6000~ 080 «5€0°0- 910 7900  ¥06L 08/10/20 uedef
2800 €8T°0-  «xx£05°0- SO1°0- +€8E€°0"  xxx 1850 «0C1°0" 4« €C0'T- w8701~ 9LT'0  €0I'0  Ov6L 08/10/20 SN
sjoyIRIA padofaadq
6100 PIT0-  %xx6650- 2S00 6LT'0-  «xx6850- 1€0°0- «£17°0- +4x97S0" 781'0 €600  9S6L 08/10/20 JAE!
«9¥1°0- 8000  xxx[LEO- #xL91°0" 6810~ «xx00¥7°0- xxx€CC07  %x4956°0" sk 1 LGS0 6€1'0 9600  9S6L 08/10/20 Wa
(% loyo (%8 l)g (f2)s (O (93u)s (29)s (0se )y (05T g (te)g PIS U N 9wp [eni]

"A’I [EULIOU PIBPUR)S € JO UOTIB[NWIS O[1E))
QUOIA ySnoay) paureiqo ‘A[oAnoadsar ‘o)1 PUB ‘9G 9% U} I8 SAINSLIW AIOWIWASE Y} JO 90UBOYIUSIS [BO1ISIEIS JJOUIP SYSLISISE QUO PUB ‘OM] ‘QdIY], "SOLIS UINJAI Ay} UO
‘ApAndadsar ‘ppows ([°7°T) HOWV.L € 10 [9powt (1 DHIY VO & SUIy Wolj S[enpisar oy juesaidar |3 pue 2 *| UoISsaIdxa wolj ANSUIASE JO INSeaul 1Snqol paseq-d[nuenb
AU SOI0UP /) O[IYM ‘SSQUMYS JO AINSLAW PISEq-JUSWIOW PILPUE)S ) SAJOUIP G "SUINJeI ANUNod [enprarpur pue soropiod £nunod jo uozuoy (0Cg ‘2 1duosqns) Lep-0Sg
pue (7 1duosqns) Aep-1 oy} 18 AnOWWASE JO SOINSEAW PUE ‘(PIS) UOTBIASP PIEPURIS PIZI[BNUUE ‘(UBIA)) UBSUWI PIZI[Enuue ‘(A7) SUOIIBAIISQO 9[Esn JO JOqUINU [£)0) ‘djep [BIIU]

sonsne)s Arewwng :f d[qel

38



-a8ed snoraaxd woiy panunuod Jqe],

L8E1°0 SI00"  +xx6600- L9210 LSOO~ wxnlOT0 9600 «xLES0"  +x4888°0- LSTO  ¥600  96S€  96/90/+0 eruoNsE
el LTO k1950 4sx8SE0 wx60E0"  4x099°0"  wunI6V0 wexS6T0"  xSES0" 4xnl810 LOTO  8Y00  6S9T  00/20/10 eIqruEN
9T 0 S000  4xx08LT cx81F0- SS00  4xxCT6T s 9TV 0 S000  +xx08LC 6810  6L0°0-  09YE  96/10/£0 eueyn

SPT0" 4sx9T0T" k680 P90°0"  4xx0660"  4xxbSSO cxBLTO™ wax8VLT 4xx909°0- SLTO  TOI'0  6L9T  00/10/K0 erne
L10°0 9ST0"  wuxb6F0 S100 OLI'0-  +xx9¥S0 210170 €00 +xx0V9'0 810 TLOO  €0LE  S6/TI/ST RIUN
6200~ EI€0"  4xxCT99 620°0- EIE0"  +xxTT99 6200~ €IE0"  wunCT99 90 €ST0  T69E  96/10/€0 euEMsIOf
50°0- 8PP0 4xx966'T- xxL8E0- PI00-  wxnTLOT 910" €810 4xx0TLO 88T0 9100 S86T  £6/30/£0 10penog
«xx092°0- PLTO-  xnST90- cx8VT0- 8T~ wanSLYO- cx8170°  2ux800T  4us€EE0- 6170 6710 689T  00/10/£0 eruenyry
wxx6ET0° €170 wnslEVO $90°0- LESO  4xxC190- «xS81°0 €00 wanlbT1 8970  €£00  T6TK  €6/60/ST eyeAolS
8200 «x89F0"  wxuSPET 100 40SP0-  4us€TST 0£00-  4xSLV0  4x489T°0 €810 €TI0 09LS  88/10/SO 090010
SI00  4xuPS60-  4xx88T0 8100"  wusbI0T-  4usTIEO 610" waTIST-  4suT190- €10 S91'0 88T  00/01/ET eresing
210 800 4xx006'S- 9L0°0- 9ST'0"  +xx986'8- NIAN 800 +xx006'S" 9PP'0 9S00 9PES  06/10/£0 ©[oNZIUIA
8Y0°0 TISO  2xx96£0 0800 WOLED  wus€LEO 0900~ €670  4x850°0 9010 8600 0STE  86/10/S0 eIstun,
PO10- 6L00"  +xx8T60 €600~ L9000 +xx088°0 $€0°0- SO0 4xxl0F0 €070 1600  €T€9  S8/10/£0 eyue] LS
SIT0  2sT8L0  +us¥8TO LEOO LSO 4xx9E8 VI SIT0  4xxT8L0  4xu¥8TO 0LT0 €100  88IS  06/10/C1 eAuoy
980°0 T8T0  wunbESF 1910 SVED  ux€80°S 980°0 T8O wusbESH TLIO  8IT0  I8SE  96/10/S0  0Svqol pue pepruuy,
800  409€0  xx€0S0- 8€0°0- 0£00-  wusllPO- FELO- wuub1L0- wuk19E0- 0TT0  PHO0  €ETH  F6/10/£0 eIUAAOLS
JET0 skl6V0 nsb9TO #x9TT 0 6VT0"  wxn8IE0- JEC0T k670 4nsb9TO 610 8L00  LISE  96/01/ST uewQ
w9170 SEC0- €00 e 161°0- LTE0 wenb9O10- sl STO" 4uxSOT'T- S100- 90€0 9S00 19V L6/10/S0 eneor)
ws€1T07 k0890 426800 wesl6T07  wxn€OL0" kL SO0- ox€8T0°  wan€P60  4xnOTE 0 OPE0 0100~  8LTE  L6/60/TT eruewoy
LEPT0T L0SP0T wanISTO 160°0- 6800  wxxlILS] WEPT0T L0SEO- wukISTO T0€0 €900 9S0S  06/10/20 ysope[ueq
+8LT°0- TS00"  +xx60S0" +081°0- 8PT0"  4xx019°0" WSET0" u€I1S0 4xn09F0- 0T€0  LLOO 000  16/10/S0 AreSuny
=90T0"  WFPPO" as8SET s 9TE0- SOT'0"  wuxSLI'O- L T S T 1ST0  9€10 92T 86/10/SO eIqery Ipnes
LSOO 4xx8EL0  +xx80T0- L8300 448090  4xxSETO- LT xxS98°0  2uklTTO- 9810  T900  66vS  SS/I1/T uepiof
5800 610" xnVTO- +OLT'0- IST0- wusETO- w9107 waTOV0"  wxslOTO- 6970 €900  OLVS  68/10/20 uwIsnyed
8800 wx8LPO"  wux IOV 9600~ «x9SP0"  4xn68E0- W6E1°0"  wusbL80"  2uk90E0 S0TO  9L00  L9SS  88/10/SO puv[eaz MON
901°0- 9LO0"  4xxL8E0 01°0- 1200~ o LVO'0 csP6T0" LEPP0 1kx8690 SLTO  6T1'0  LESK  €6/11/0T onqnday 4oazd
xx61€0° 6£T0"  wanbLSTO- wxx19€°0- 8070~ waxl€S0- x8ST0" xS0 wun€L6°0- €LE0  TOO0  €TEF  €6/30/€0 eunuasty
6600 wx6V0"  wxs00F 0 1L00  «xS9P0"  4xx81E0- JET0 wanS6T T wanIVTO- L6T0  ¥ITO  09LE  S6/LO/SO eLasIN
8100 ILIO- wan€LEO 6000~ 1200"  «xx6TE0 850°0- SPOO-  wax €10 T 81T0 6867 16/10/£0 n1g
7200- ST00-  wxnLEO 8500~ W10 wanbLEO- S900-  «uFI90"  wsuSETO- 6810  8TO0  OPLS  88/10/90 [e8nyog
SSTU0T wnnb0TT wanITLE IS RV /3 S WSTUO" wuxb0TT wanlTLE LEYO 8900  €91€  86/20/20 surenyn
£80°0- EST0"  4xaTSE0 o 8TTO  +xx6970 wEST0" 0900 4xx0TT0 1€0 600 1429 98/10/€0 souddrqyq
€600~ TITO  4xnS8T°0- $80°0- 1600 4xxT60°0- 8100 T60°0-  wusELYO- SPTO 8900  100F  S6/10/S0 1435
w010 6910 440800 wxxL 670 8L00  +xx8L00 ex81€°0- 0L0'0 0£0°0- 9670 6700  €9SS  88/01/£0 203210
6200~ 0110 wxxlSOT 6£0°0 LTI 4xs0SLT- 190°0- 0 wanlTST 9IT0 6010  PLLY  TO/EO/TI eIqUIO[0)
x0T 4xx98L'0"  xx68ES 90T0"  4xxT690"  4xx€66'9 wex 1 TE0" wunbVTT- £00°0- €LI0 9800 €20V ¥6/TI/6T nemny
e TVT0 4xnS69°0  wun IPPO- xx6€T°0 WLLEO i 9810 0810 wuslSTT  4iuSST0- 0S€0 6010  L68y  16/bO/LI pueod
800" 4x9SS0"  wuxEIE0- TCO0-  wxlSSO  4xx90E0- 100" 4xx0S60" 446500 9IE0 66000  8TI9  LS/10/SO pue[ey],
wx9TE0" 1ub0S0°  4snTSE0- wnl8TO" wulLVO" wikSLEO- wx90€°0" kL8O wusbHE0 9LT0  TEO'0 6109  LS/WOMT joRIsT
0T 4x€9S0"  4xx0LOT o8P0 wwl€S07  wun8PIT wexOVT0" waxbTUT 2asOTLO 9EV'0 80000  T8TS  06/40/E0 e1souopuy
L90°0- STI0"  4xn69TO- 50°0- OLI0"  +xnE8T0 W00~ OLIO0"  wusbLTO- 0610 OSI'0 8009  L8/10/SO Ay
€80°0- 800" +xx9TTO- HTL0- W0 4xn€9T0 exTLT0 06L00  4xxS61°0- L0SO 6500  SISS  88/10/SO Koymy,
0800~ €670 wanbP1'I- L8110 8EE0"  4xx9E8°0- 1L00°  4xsx€08°0"  wusb8ET- 0970  SSO0  6T8L  08/10/£0 eiskefely

(%t Lavo (9%t Las (£2)s (Pfg0vo (%548 (93)8 (0sE )y (058 )G (t)s PIS U N Qwp [eni

39



¥€0'0-  C200- 9S00 19¢°0- 9%0°0 9¢0'0 €000~ 900°0 9100 G81°0- 900°0 9LT0 €61°0- L61°0- 6800 gOTX NH SAy
810°0 ¥€0°0 00 0000 0000 0000 ¥60°0 6200 0000 L00°0 €000 0000 0€0°0 900°0 0000 @._?a
¥99'CC-  908'1¢  SL8'ST 6059~ SSL'8S-  16€°8%- 979'8 697l yI8'¢ce €66'LE-  S96'CS-  068°6C1- 0oLee-  ele’6y-  0L6'OVI- m
0000 §00°0 0000 0000 0000 €100 100°0 8600 0000 0000 1000 0000 1000 2000 000°0 0-[ead
L6T0 G8C°0-  95¢°0- 8S¥°0 6¥¥'0 £eveo 660°0 LS00~ 66C°0- LY¥'0 LY¥'0 £98°0 woro £€ero LY6°0 °
9Ly 0S¢y [ 9Ly ) [ GLpy 0S¢y ) 9Ly 0S¢ [ 9Ly 0S¢ [
72D Pued
€Ccro 9¢c’0-  ¥€00 9¢0°0- 819°0- or1o 81¥°0- S¥0°0 6¥0°0- 861°0- LTTO- €190 ¥y o- 00¥°0- 150°0- gOTX NH SAy
¥10°0 L90°0 L1T0 7800 ¥€0°0 0000 600°0 L00°0 ¥00°0 8200 L10°0 0000 1€0°0 0200 0000 m.:wa
87987~ 0TSvr  €ILTI 0¥9°CC-  ¥PI'8e-  8£6'09- YI9OY9-  PECLS-  L686E- ovEve-  SSE9-  008¥SI- 6¥8'Se-  L8L'YY-  0TSTSI- m
0000 ¥20°0 0000 €000 §20'0 $00°0 0000 €000 8160 1000 1100 000°0 1000 [40X0] 0000 0-[ead
IL¥'0 SLEO-  88TO- 6820 L6T0 See’0 ¥0L'0 9¥¥'0 L90°0 90%'0 9LE0 S10°1 60¥°0 0LE0 866°0 °
9Ly 0S¢y [ 9Ly ) [ GLpy ) ) 9Ly ) [ 9Ly 0S¢ [
52t g [Pued
1100 0000 110°0- 010°0- 020°0- 0100 €200 9000~ €000 0100 900°0 0100~ £00°0- L0070~ 010°0- gOTX NH SAy
0000 0€0°0 0000 1S1°0 1¥0°0 0000 0000 €000 0000 6100 8L0°0 0000 190°0 901°0 0000 m\.:wa
Yeyve-  ve8y- 9S0°L- 8YS ¥~ 61¢8-  €8LEE- 08C'11 029'6 979'sT 6£0'6 SIv'L 9€9°81- €0C'L §90°'6- Y0¥ ¥S- m\
0000 $60°0 €000 000°0 0000 0000 0000 €91°0 000°0 000°0 100°0 000°0 0000 0000 0000 0-[ead
€eL’0 900  L60°0- 050 161°0 8¢C0 8CC0 6£0°0 66C°0- 710 680°0 8970 ¥ero 871°0 9LT0 °
9Ly ) 25 9Ly ) ) GLpy 0S¢y ) 9Ly 0S¢ [ 9Ly 0S¢ [
€Y [ued
BUIYD SN SuiSrowyg padoeasq PHOM
‘.3 suInjax

PAIY-(1DHOUVL Y3 J0j D [Sued pue * ;3 summjar pa1a)y-([ 1HIAVD Y3 J0j ¢ [Sued ‘.4 SALIAS SUINIAI Y 10 SINsAI 3y} spodar y [pued {0 > *“63} 1 — 9 = “opp
ur se pouyep ‘7277 oSeIoAe oy) smoys Os[e J[qe], Y, ‘suInjar dnjosqe pagSe[ Aep-Qgg oIe SI0ssaISer Y], "BUIYD PUE ‘S() ‘Xopu] S}oIRIN SurSiowrg ‘Xopuy S}ONIB]A
pado[aas ‘xapu] PLIOA Ayl Jo so[nuenb yig/ pue ‘qiQ¢ ‘Yisg ayi 103 (9) uonenbs jo uorssardar snuenb SYQIN 9y JO ‘senfea-d Suipuodsariod pue ‘g pue 0 pajewnsy

SUIMIY OI[0J110J § JO SIPEWNST SHULNQ [BUOHIPUO)) T IqEL

9

40



I $100 1000 <TIO0 6200 LOOO- 9000 ‘WA
I 0000 €100  9€0°0 8100- 9000- ‘W
I §970  SLO0  LITO- 6ST0- VHD €100- L000- 1000  T00°0- 2000 L60000-  S000-  PudIL
I ¥9I'0 0200 981°0- SN €890 ¥hY0  89€0 61L°0 01L0 9Tr0 TS0  XeW
I 1900 €800 WA 01L0- 9¥9°0- S8F0-  6STO- L8S°0- 9€9°0-  97S'0- W
I 0£80 WA 92T0  6¥1'0  S60°0 SLO'0 €51°0 9S1°0 LET'O PIS
I M LSO0-  +60°0-  8€00  8TI0- €50°0 10T0- €20~ U
WH  UWd  VHO SN Wd N M WH YWd  VHD sn WA Na M
;2D [ued
I S100 S000- 6/00 €€00 €000- <TO00 ‘WA
I SI00 6900 €200 6200 TE00 WA
I ¥S0°0  SI00  8I€0- SYT0- VHO 6000- 8000- 1000~  T000- 0000 8100~ 0100~ PpudIL
I 0000 6970 9.T0 SN €690 S190  LT90 0ST°0 61°0 $v9°0 1€90  XeW
I 0v00- 8200- A ¥69°0-  189°0-  ISLO-  6860- SEV0- 886°0-  0€9°0-  UIA
I 6v6'0  INA 8170 2910 1910 L60°0 1o 0610 6070 PIS
I M 1L00- 8600 +100-  6¥1°0- #80°0- 881°0-  SHTO- U
WH  UWd  VHO SN Wd W M WH YWd  VHD sn WA Na M
Um“m~®SN&
I €000 9000- 0TZ00- S800 STO0- 9000~ ‘WA
I 6900~ 8SI'0 LLOO- €STO ¥0TO ‘WA
I SI€0-  SSO0  SLEO- 0SE0-  VHO 6100~ YI100-  .b100  wll0O0  .n9E0°0-  .SE00- 6000~ PUSIL
I TIE0-  S690 890 SN 8690 6§90 IS0 1760 886'0 8680 9090  XeN
I 91€'0- ¥TT0- WA 0180- €890- TS9O~  ILLO- 6€€°0- 088°0- 0690~ WA
I vILO  INA 6070 6L10  PLIO €200 ¥61°0 6v€°0 861°0 PIS
I M T010-  TET0- 1400  €SI°0- 6£0°0- 0£T0-  8STO- U
WA OUWd  VHO SN Wd WA M WH YWd  VHD sn WA Na M
4 1Y [oued

"D [oued Ul ;3 suImar pAKN[Y-([ [DHIY VL 10§ PUe ‘g [SUBd Ul 2 SUIIAX PAUdY-([ 1HDIYVD 10§ °V [SUB] UL L SILIOS SUINJOI MEI 3y} J0J pajiodar are sjnsay
"XLIJeW UONB[ALIOD 9} SMOYS J[qR], dY) JO opIs puey IYSII Y, "SSe[ 09 Y)Im SIOLId PIEPURIS JSIA -AOMON] UO paseq ‘A[OATIOdSAI ‘[9A9] 9] PUE 95 ) & 90UBOYIUSIS [BO1SIIE)S
Sunousp SYSLIA)SE 92IY) Pue 0M) YIIM ‘(PUAIL) PUSI) W B UO JUAIOYFI0I STO (XBIA) WNWIXLA ¢(UIJA) WNWIUIA $(PIS) UOTIBIAID pIepuelS ‘ued[Al suiodar o[qe], 9y} Jo apIs
puey o1 UL, (Ypy ) eury) Suipnfoxa joxIew SurSrowe agerae pue (Y77 (7) SN oy Surpnoxa sjesprewr pado[eadp ssoroe aderoAe ‘(VHD) eury) ‘SN ‘(AH) Xopul SIoYIe]A
SwiSrowy ‘(NQ) Xopu] S19NIRIN pado[oad ‘(M) XOpUL PHIOA 9 10 (}7)) ATSWIUASE [BUOTIIPUOD JO SINSBAW ISNQOI ABP-(GZ JO SILISS AIep o) 10J sonsne)s Alewuing

SWINJIY OI[0J}10( S JO (}7,)) SAjewin)sy ANPWWASY [BUONIPUO)) JO SINSNe)S ATewrwuing :¢ [qe],

41



€L00  ¥IT0  £90°0  SE00  LOOO 0690 iy
I 9100 €000 11000 6200 6100~ ‘WA
I 1000- 1100 9500 8200~ ‘WA 0010 800 SI0OO 0000 6,00 0000 g-Tead
I 8610 SII'0 6000 VHD LEO'0-  STOO  ¥6€0- TOI'0-  T600  L¥6'0 g
I $81°0 810 SN
I 8100~ NG LEO0  0T00 0000 0000 0000  TOTO o-Tead
I Na €00~ 8L00- 1ITO ISI'0-  €L00 0100 0
‘Wd ‘Wd  VHD SN Wd Wa WA YWd  VHD  Sn Wa N
3 D [eued
9v0'0  S90°0 0900 9,00 1000 0060 ey
I SI00 LO0O- 0SO'0  9€00 9100~ ‘WA
I 9200 €900 9200 €000 ‘N L600  L600 11000 0000 ¥IE0 0000 g-Tead
I 0 L000  66T0- VHD L100- 6900 6TC0- 8TI'0  SI00- 19870 g
I 8000 1200 SN
I 8v00-  INA SO0 0S00 0000 0000 0000 0100 o-ead
I Na €80°0- ¥L00- S91'0  SIT'0- 880°0- €200 0
‘Wd Wd  VHD SN Wd  d WA YWd  VHD  Sn W  Ia
Um”mﬁvﬁwnﬁ
1S00 6110 €TI0 09%'0  0SO0  0IS0 iy
I €000 S000- €200~ 0600 +€00- ‘WA
I €200 €00 9€0°0- 6910 ‘N LITO €100 S000 0000 1000 0000 g-Tead
I 611°0- 6800- OLI'0- VHD 8100~ €IT0 €90~ €9L0 6IT0- 9STT g
I vZC0- 1170 SN
I 0£T0- NG YOO 0LO0  SO000 LSOO 0000 0100 o-Tead
I Na 611°0- 8S00- €910  ¥b00 9600~  ¥60°0 0
‘Wd Wd  VHD SN W  d WA OWWd  VHD  Sn W  INa
4 1y Joued

"D [Pued Ul 3 suImal pAKNY-([ [HIY VL 10§ PUe ‘g [SUBd Ul 3 SUIMOI
PRIY-(T 1) HDYVD I0J ‘V [oUB UI .4 SOLIdS SUINJOI MBI AU} J0J payiodar are SNy "S[enpIsal pAjewns? ay) Jo XIIew UOIR[ALI0D Y} SMOYS J[qR], oY) JO opIs puey JYSLI Y],
"2 Surpuodsarod ay) pue ‘STe[ )9 YIM SIOLIS PIEPUR)S 1SOM -ASMIN U0 paseq sanea-d 1oy ‘sajewnse $TO (¢) adofs pue (0) 1dedrsyur ayy sprodar QL Y1 JO IPIS puey
3301 oYL (YA A7) euryD Surpnjoxa josrewr SurSrowe sso1oe aeraae pue ‘(Y77 (7) SN 2yl Surpnjoxa syesprewr padoasep ssoroe aferoAe ‘(YVHD) eury) ‘S ‘(JNH) Xopu] SIoyIe]A
Surrowy ‘(JNQ) Xopu] SIIRIN Podo[oad 3 J0J UMOUS I SINSAY XIPUJ PIOAA AU} JO ANQWWASE Uy} Uuo /) sorjojiiod yoead jo uorssaidar ayy JoJ sonsnels Arewwing

sonsne)S Arewung - sjuduoduwio)) INBIIUASOIP] PUR INBUWIISAS JO ANPWWASY [BUONIPUO)) :§ I[(RL

42



I #1000 S000 1000- 6£00 €000 €200 ‘WA 9¢z0 €110 80€0 1200 0010 S800  LTIO A
I 8¥00- TI0O0  $200  €200- 1100- ‘Wd
I 8100 LLI'0O 9800 €600 VHD 900  0¥00 0000  ¥000 0000 1000 0000 g-Tead
I 1020  $SO0  0910- SN 98,0 8170~ 68TI- €0V'0 6STI- 981'C-  POET g
I LT00-  +€00- WA
I S180 A $90°0 9900 0000 0000 0000 80TO  TOTO 0-[ead
I M 981°0- TE00- 6TL0 €610~ S9TO  9L00  LLOO 0
WH  'Wd VHD SN WA Wa M WA YWd  VHD SN Wd  Nda M
rmm D [Qued
I $100 T€00 €500 9500 0I00- <2000~ ‘WA S81°0 0800 9L£0  9L00 SIO0 6910 THI0 A
I L0000 0Y00 0100 6100 9200 '‘Wd
I €800 €2T0 ¥L00- 6v00- VHD 6€00 9S00 0000 0000 SE00 0000 0000 g-Tead
I LEO0- Y610 LOTO SN 8¥1°0-  €S9°0- OVE1- 9660- TSE0- LEL'S- STLE- ¢
I 6010-  9600- INA
I w60 A SE00  SE00 0000 T19€0  0STO €100  LEOO o-[ead
I M 1TI'0-  0S00  TLYO 60000 STO0- 98T0  6ETO 0
WH  'Wd  VHD SN WH Wa M WH YWd  VHD SN WA Wa M
Umnmﬁmﬁﬂnﬁ
I S000 000 1000- 0900 9000 <TO00 ‘WA €970 1¥T0  L8S0 S8I'0 6610 LITO  L60O A
I 1200 1800 6200- CTLI0O vvI'0 WA
I €L00- 92I'0- L61'0 1200- VHO Y00 £Z0'0 0000 0000 0000 0000 €000 g-Tead
I 10€0-  TE90  I1¥90 SN SS6'c- 80TI-  PEI'T-  09S°€-  €¥TT  S8LLL- 816C g
I 9z€'0-  8¥I'0- A
I LL90 N 9€0'0 9900 0000  S000 0000 <TO00 1610 o-read
I M SYT0  6SI'0 6660 vIFO0  LIYO-  8SL0  TTIO 0
WH W VHD SN WH Wa M WA OYWd VHD SN WH Wa M
4 1y [oued

"D [oued Ul ;3 suImar pAKIY-([ VHOY VL 10§ Pue g [dued Ul 2 SuImiol pardy[y-([ HOYVD 10§ °V [SUB] UL L SOLIOS SUINJAI MEI 3Y) JO) PAjIodar o1e $)nsay "S[enprsol
PajeWnsa Ay} JO XLIBW UOHE[LIOD 3y} SMOYS S[GB], 9Y) JO SPIS puey JYSL Y[, .3/ SUIpuodsariod dy) pue ‘s3e[ ()9 Yiim SIOLS PIEPUEIS JSOM -KIMIN UO paseq sanea-d J1ay)
‘sorewnse SO (g) odogs pue (0) 1decroyur oy sy1odar 9[qe, oy Jo apIs puey 1Jof oYL (‘74 ) euryD Surpnjoxa jorewr SurSowo ssoroe oferoAe pue (‘77 (7) SN 9Y) Surpnjoxe
syorewr padojeAap ssoroe a3eroae ‘((VHD) euryD ‘SN ‘(INA) xopu] s1oxIe]q Surdrowy ‘(IN() Xopu] S1oxIeIN pedoraaa ‘(A\) XopuJ PIIOAA Y} 10J UMOYS Ik S)NSAY “(suInjal
Y HOUV.L-P 10 HOYVD-P 0] 9suds el 10U $20P 1 AN[NE[0A SUNBWNSI I8 oM DUIS) SUINIAI A[rep parenbs soAjoAur yomym #*jo A uo **j7,) $Sa1321 uay) pue suInjox
POHDUVL-2P Pue PIHDYVD-op ‘O[dwiIs uo paseq sajewinsd Anowkse ypm (]71) uorssardar Juisn A[IILJOA [BUONIPUOD S UO /) Wo\:&toaﬂwwo J10j sonsness Arewrwng

£INE[OA [BUONIPUO)) PUB AIPUWUWASY [BUOHIPUO)) UIIMIIQ UONR[IY :§ J[qeL

43



Table 6: Financial and Economic Determinants — Summary Statistics

The entries are summary statistics of economic and financial series used to relate to conditional asymmetry. The financial
variables are the conditional volatility of a country’s stock market, a measure of liquidity (LIQ), turnover (TURN), a country’s
stock market relative to its nominal GDP (E/GDP), the number of companies listed in the Exchange (NCOMP), a short-term
interbank or government bond yield (T-bill) and the spread between a long-term and the short-term rate (TSPR), the growth
rate of real GDP (GDPg) and the volatility of quarterly real GDP growth. The summary statistics are calculated for the whole
universe of countries in Panel A, and then separately for Developed Markets (Panel B) and Emerging Markets (Panel C). On
the left hand side of the Table, we show the cross-sectional average (Avg) and standard deviation (Csd) of each variable’s
time series Mean and Standard Deviation. On the right hand side of the Table, average time series correlations between the
variables are displayed.

Panel A: World

Mean Standard Deviation Correlations
Avg Csd Mean Csd Vol E/GDP TURN NCOMP LIQ Tbill TSPR GDPg VOLGDP

CA -0.097  0.157 0.213 0.106 -0.139  -0.041  -0.062 -0.031 -0.082 0.028 0.052  0.009 -0.064
VOL 0.244  0.076 0.042 0.026 -0.127  0.212 -0.016 0414  0.102 -0.113 -0.146 0.205
E/GDP -1.406 0913 0.841 0.425 0.271 0.371 -0.142  -0494 0.046 0.199 -0.269
TURN 3.343 1.175 0.731 0.415 0.181 0.140  -0.200 -0.058  0.071 -0.007
NCOMP 5.222 1.353 0.444 0.418 -0.037 -0.194 0.040 0.013 -0.184
LIQ -0.009  0.004 0.006 0.003 0.187  -0.051 -0.089 0.229
Tbill 13.601 15.187 12.469  26.237 -0.523  -0.048 0.125
TSPR 0.352 2.136 2.703 3.483 -0.102 0.018
GDPg 0.033 0.019 0.038 0.021 -0.292
VOLGDP 0.051 0.024 0.021 0.022 1

Panel B: Developed Markets

Mean Standard Deviation Correlations
Avg Csd Mean Csd Vol E/GDP TURN NCOMP LIQ Thill TSPR GDPg o(GDPg)

CA -0.118  0.156 0.194 0.083 -0.319  -0.046 -0.223 -0.047 -0.284  0.019  0.118  0.047 -0.080
VOL 0.209 0.034 0.043 0.023 -0.034  0.352 0.077 0478 -0.095 -0.023 -0.179 0.104
E/GDP -0.729  0.717 0.737 0.211 0.269 0.418 -0.122  -0.631 0.056 0.182 -0.388
TURN 4.333 0411 0.478 0.197 0.202 0.162 -0.338 -0.074 -0.097 -0.001
NCOMP 5.976 1.333 0.301 0.215 -0.088 -0.267  0.069  0.047 -0.178
LIQ -0.007  0.001 0.004 0.002 0.100 -0.076  -0.078 0.180
Thill 6.474 2.210 4.015 1.366 -0.612  0.167 0.301
TSPR 0.733 0.575 1.549 0.517 -0.229 -0.095
GDPg 0.027 0.013 0.024 0.009 -0.238
VOLGDP 0.048 0.018 0.014 0.005 1

Panel C: Emerging Markets

Mean Standard Deviation Correlations
Avg Csd Mean Csd Vol E/GDP TURN NCOMP LIQ Tbill TSPR GDPg VOLGDP

CA -0.089  0.158 0.221 0.114 -0.066  -0.039  0.004 -0.025 -0.001  0.031 0.013  -0.006 -0.055
VOL 0.258 0.083 0.041 0.027 -0.164  0.154 -0.054 0.388 0.182 -0.166 -0.132 0.264
E/GDP -1.679  0.842 0.881 0.480 0.272 0.351 -0.149  -0439 0.040 0.205 -0.200
TURN 2.936 1.145 0.832 0.437 0.172 0.132  -0.143  -0.048 0.140 -0.010
NCOMP 4911 1.246 0.508 0.466 -0.015 -0.164 0.023  -0.001 -0.187
LIQ -0.010  0.004 0.006 0.003 0222 -0.037 -0.093 0.258
Tbill 16.479  17.157 15.884 30.493 -0.472  -0.135 0.023
TSPR 0.130 2.641 3.377 4.241 -0.029 0.112
GDPg 0.035 0.020 0.044 0.021 -0.324
VOLGDP 0.053 0.027 0.025 0.027 1
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Table 7: Financial and Economic Determinants of Conditional Asymmetry

The table reports OLS estimates of the pooled regression of the conditional asymmetry of each country’s stock market
on a constant (Const), a time trend (Trend), the conditional volatility of the stock market VOL, the logarithm of the ratio
between the stock market capitalization and the nominal GDP (E/GDP), the logarithm of the Turnover and of the number
of companies listed in the Exchange (TURN and NCOMP), the relative bid-ask spread as defined in Roll (1984) (LIQ), the
short-term nominal interest rate (Tbill), the Term Spread (TSPR), real GDP growth (GDP) and its volatility measured on
the last three years of the quarterly series (Vol(GDP)). All variables are sampled at annual frequency from (at most) 1981
until 2009. Below the estimates, two t-statistics are reported based on standard errors calculated using the standard OLS
(homoskedastic) formula (round brackets) or clustered by year and country (square brackets). In specifications (1) to (3), the
dependent variable is the conditional asymmetry of the returns series, while in specification (4) it is the conditional asymmetry
of the residuals from a TARCH(1,1) model. N denotes the total number of available observations for each specification.

VOL

E/GDP

TURN

NCOMP

LIQ

Thill

TSPR

GDPg

VOLGDP

Trend

Const

World

DM

EM

()] (@] 3 (C]

-0.526 -0.708 -0.983 -0.780
(-6.858)" " (-6.479)""* (-4.721)"**(-3.984)"**
[-3.361]""[-4.008]"**[-3.639]"**[-2.190]**

-0.034 -0.048 -0.032
(-3.659)"**(-3.293)"**(-2.356)"*

[-2.006]** [-1.941]* [-1.264]

0.004 0028  0.024
(-0.515)  (2.027)** (1.819)*
[-0.361] [1.662]* [1.412]

0020 0007 0011
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0573 0129 6872
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0037 0068 0095  0.103
1467 1066 538 538

()] @ 3 (C]

-1.415 -1.196 -0.845 -0.049
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-0.059 -0.078 -0.042
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0.000 -0.025 0.008
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-9.411 -14.058  -3.648

(-2.200)"* (-2.877)**(-0.895)

[-1.642]  [-2.065]** [-0.515]

3.070 4491
(-2.613)"**(-4.581)**
[-1.744]% [-2.679]***

2538 -4.959
(-1.158)  (-2.713)"**

[-1.059] [-1.847]*

0319 0580

(-0.354)  (0.772)

[-0.416]  [0.489]

3388 -2.481
(-3.184)***(-2.795)"**

[-2.254]** [-1.639]

20.001 0002  -0.003  -0.010
(-1.245)  (0.633) (-0.667) (-2.213)**
[-1.206] [0.470] [-0.528] [-1.467]
0204 0373 0987  0.590

(5.087) *** (2.951) *** (4.138) *** (2.967) ***
[2.196]** [1.718]* [3.261] " [1.644]

0.104 0.175 0.246 0.190
581 302 281 281
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-0.519 -0.706 -1.306 -1.486
(-5.664)" " (-5.872)" " (-4.766) " (-4.973)"**
[-3.266]"7[-3.313]""*[-2.778]"""[-3.331]"""

-0.018  -0.030  0.000
(-1.701)  (-1.707)* (0.008)
[-0.869] [-1.198]  [0.005]
0.000  0.061 0.044
(0.048)  (3.784) *** (2.517) ***
[0.036]  [5.109] *** [4.523] ***
0032 0025 0019
(3.609) (1.774)* (1.218)
[1.884] [1.574] [1.720]*
0017 6691 12314
(-0011)  (2.135)* (3.603)***
[-0.007] [2.047]** [3.462] ***
1.601 1.166
(3.310) *** (2.210) **
[2.495]** [1.586]
1.300 1.875
(2.152)** (2.845)***
[1.420]  [1.707]*
(1372 -1.271
(-2.659)***(-2.259)"*
[-2.143]** [-2.296]"*
21634 -1.651
(-2.600)"** (-2.41) **
[-2.348]"* [-2.479]**
20.005  -0.004 0015 0011

(-3.348)""(-2.048)"" (3.326) *** (2.230) **
[-3.047]"" [-1.88] *  [3.292] """ [1.910] "

0.145 -0.015 -0.564 -0.320
(3.569) ***(-0.216)  (-3.916)"""(-2.039)™"
[2.3401** [-0.112] [-3.616]"**[-2.242]**

0.043 0.068 0.181 0.191
886 764 257 257
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Figure 1: Rolling Estimates of Skewness and Robust Asymmetry Measures

Skewness S (top plot) - using the sample average of the third power of returns - and robust asymmetry C'A (bottom plot)
using equation (1) - for the Developed Markets and Emerging Market indices based on a 250-day rolling window of daily
returns.
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Figure 2: Conditional Quantile Estimates of Annual Returns: World, Developed Markets, and
Emerging Markets

Estimated 25th, 50th, and 75th conditional quantiles using estimates specified in (6) involving 250-day lagged daily absolute
returns, for the World Index (top), Developed Markets Index (middle), and Emerging Markets Index (bottom).
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Figure 3: Conditional Asymmetry: World, Developed Markets, and Emerging Markets

Estimated conditional robust measure of asymmetry appearing in equation (3), for the World Index (top), Developed Markets
and Emerging Markets (bottom) obtained from the conditional quantiles of Figure ?? using conditional quantile estimates
specified in (6) involving 250-day lagged daily absolute returns.
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Figure 4: Weights on Filtered Daily Absolute Returns

MIDAS quantile regression weights of the 250-day lagged absolute returns for the Developed Markets (top plot) and Emerging
Markets (bottom plot) for 25th, 50th, and 75th conditional quantiles.
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Figure 5: Conditional volatility and rolling correlation

The top figure shows the conditional annual volatility of Developed Markets and Emerging Markets returns based on a MIDAS
model on 250 lagged squared daily returns. The bottom figure displays the rolling correlation between the two returns series
using a 250-day window of simple returns (solid line) or filtered returns from a TARCH(1,1) (dotted line).
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