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Abstract

We use a quantile-based measure of conditional skewnesssyammetry) that is robust to
outliers and therefore particularly suited for recalcitraeries such as emerging market re-
turns. Our study is on the following portfolio returns: diyged markets, emerging markets,
the world, and separately 73 countries. We find that the tiomdl asymmetry of returns
varies significantly over time, even after accounting faraional volatility and unconditional
skewness effects. Interestingly, the correlation of ciiowlil asymmetry between developed
and emerging markets is surprisingly low, despite the faat their return co-movement has
been historically high and increasing. We also documentamgtrelationship between con-
ditional asymmetry and macroeconomic fundamentals. Maedhe low correlation across
developed and emerging markets can largely be explainelddiydpposite response to those
fundamentals. The economic significance of conditionalvsless is demonstrated in an inter-
national portfolio setting. Tilting the portfolio weightsvay from a value-weighted allocation
and toward emerging markets produces significant portfydios.
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1 Introduction

A significant body of research has documented and compavedaseharacteristics of emerging
and developed stock market returns. For instance, it isegtélblished that, in emerging markets:
the unconditional mean and volatility of returns is higheaurt in developed markets; the condi-
tional mean and volatility vary significantly over time; theturns correlation and beta with the
world portfolio has been lower, albeit increasing over ti(see e.g. Bekaert and Harvey (1995),
Harvey (1995), Bekaert and Harvey (1997), Fama and Frer2®8)]1 Henry (2000), Engle and

Rangel (2008), among many others).

Another important characteristic of emerging market metuis that they feature noticeable
asymmetries, which implies that their first two moments aresufficient to characterize the fi-
nancial risk investors face in those markets. Moreovess # ipriori reasonable to assume that
their conditional higher order moments might be time vagyjmuch like their conditional first
two moments), because emerging economies are, by theimatoye, more likely to experience
regulatory changes, financial market liberalization teenublitical crises, and other shocks that
may lead their market returns to deviate from normality. d&Jtfnately, very little work has been
done on this topic. An exception is Bekaert, Erb, Harvey, ¥is#kanta (1998) who specifically
note that: “It is not just that skewness and kurtosis aregmieis emerging markets—the skewness

and kurtosis change through time.”

The lack of empirical findings about the nature, dynamics @swhomic determinants of the
conditional return asymmetries is partly due to the fact thigher order moments—being very
sensitive to outliers—are more susceptible to estimatiosr ¢han are the mean and the variance.
Moreover, the approach of circumventing estimation diffies by using implied (risk neutral)
skewness is infeasible for most emerging countries, as tiegivative markets are either small
and illiquid or simply non-existerEL. With emerging market data, which are particularly prone
to outliers and other data imperfections, it seems thatrigp@ robust way of quantifying the

asymmetry in the distribution would be of particular int&r® investors and academics alike.

A recent flurry of papers have examined skewness extraateud dptions of a market index - like the S&P 500 -
or from for a cross-section of individual stocks. See forregke, Bali and Cakici (2009), Chang, Christoffersen, and
Jacobs (2009), Conrad, Dittmar, and Ghysels (2009), Xihgng, and Zhao (2010), among others. Such an approach
is not feasible in our international setting as many coestdo not feature derivatives markets or have only primitive
contracts with sparse liquidity.



In this paper, we offer a comprehensive empirical study efabnditional return asymmetry
for a large cross-section of emerging and developed marketsfirst contribution is to provide a
simple measure of return asymmetry that has three dissh@qng features, namely, robustness to
outliers, the ability to capture time-variations in the ddional (rather than unconditional) distri-
bution of returns and finally the measure can be defined.fperiod, long-horizon returns,, ;,
while using daily information. The asymmetry measure isblasn whether the interval between
conditional quantiles — ¢ andéd is centered at the conditional mediangf,. For instance, let’s
consider the interquartile range, ér= 0.75, of the conditional distribution of,, ;. If at timet
the interquartile range is not centered at the median, themdturn distribution is asymmetric.
We denote our measure l6yA4, , (for conditional asymmetry at timg to emphasize the fact that
we are not estimating the conditional third moment of resufFhe interquartile range will be our
leading case and the notatio, 75 ; will be simplified toC'A,. For other quantile pairs, we will
use the appropriate subscript. The conditional returnisiloligion is symmetric wher'A; = 0

and the statistic is normalized to lie between -1 and 1.

Extreme outliers have no effect @A, as they do not impact the 25th, 50th, nor the 75th
guantiles. The measure is a conditional version of an apprtieat can be traced back to Pearson
(1895), Bowley (1920), and more recently, Kim and White (20@vho consider robust statistics
that are not based on estimates of higher-order momentsp¥déghs the conditional quantiles on
which this statistic is based in a novel parametric way tialats all the information in daily
return data, yet preserves parsimony and robustness. itattiirspeaking we use the term “con-
ditional asymmetry” rather than “conditional skewnesgtause the latter notion is traditionally

associated with the third conditional moment of retlErns.

We use the new approach to estimate the conditional asymnme#t portfolio returns: 73
individual country returns, a developed markets portf¢ienceforth DM) comprised of 21 de-
veloped economies, an emerging markets portfolio (hemitetéM) comprised of 52 emerging
economies, and a global world portfolio (henceforth W). Tla¢a, obtained from Datastream, is
daily from January 1, 1980 to December 31, 2010. We estinhat€'tl, of returns as well as for
GARCH- and asymmetric GJR GARCH-filtered returns (subsetiysometimes called respec-

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



tively deGARCHed and deTARCHed returns) where GJR GARCHIrseo the model of Glosten,
Jagannathan, and Runkle (1993). Our focus is primarily aruahreturns, because this is the
horizon of interest to many investors and also because niidis¢ onacroeconomic variables, used

later in the paper, are available at that frequency.

We estimate thé€'A; measure for all aforementioned portfolios and documenfdahewing
novel findings. First, there is a significant time variationtihe conditional asymmetry of most
annual portfolio returns. This is true for simple as well a&ARCHed and deTARCHed returns.
Second, the returns of the world portfolio and large devetbmarkets are, on average, more neg-
atively skewed and exhibit larger fluctuations than emeygmarket returnE.Third, we find that
the correlation between thé A; measures of DM and EM portfolio returns is surprisingly low,
in the range of 0.3 to 0.35, depending on the model. Thisgaing result, which we find to be
robust to quantile pairs other than the interquartile rargef interest for at least two reasons. It is
in sharp contrast with the fact that the correlation of themes themselves is large, positive, and
is increasing over our sample period. Moreover, the vdtigs between developed and emerging
markets also exhibit strong co-movements. These factstrbglaken to imply that the benefits
from international diversification are limited. Howevérgetlow correlation in conditional asym-
metry suggests that there might be benefits of internatitimatsification and risk-sharing that are
both significant and are not captured by standard meanngarianalysis. This finding also com-
plements Pukthuanthong and Roll (2010) who find that extreshen movements—or jumps—in
international markets are correlated. Our asymmetry nreasuobust to outliers and hence is not
affected by outcomes in the tails of the distribution. Asyetnes that arise around the median of
returns are no less important than are outliers, as a large afdhe return density is concentrated

in that regio

To understand the dynamics and co-movement oftlde measure, we run two sets of time-
series regressions. First, we investigate whether thewamation in return asymmetries of a given
portfolio are linked to the negative skewness of the worldfpbtio return. These regressions,

loosely motivated by the international factor models &tere (e.g., Solnik (1974), Korajczyk and

SInterestingly, this result parallels the finding in US datattlarge-cap stock returns are more negatively skewed
than small-cap stock returns (e.g., Chen, Hong, and St&bil(J.

4Along similar lines, Christoffersen, Errunza, Jacobs, 3ind2011) also document upward trending correlations
between DM and EM returns and emphasize diversificationfiisiieie to higher moment dependence. They empha-
size tail dependence, while we focus on conditional skesmathout emphasizing tail behavior.



Viallet (1989), Harvey (1991)), are designed to capture idogd commonalities in asymmetries
across countrigs.We find that while the asymmetry in developed markets can p&amed by
asymmetries in the world factor, this is not the case for gimgreconomies. This result sug-
gests that, in emerging markets, the time-variation in@t# measure is most likely driven by
country-specific shocks. In a second set of regressionshawe that theC' A, of simple returns
are negatively related to volatility fluctuations. Thisuk$s a conditional version of the “leverage
effect” in the asymmetric GARCH literature. The noveltyhat while the leverage effect has been
well-documented for the US and developed economies (Glpdagannathan, and Runkle (1993),
Zakoian (1994), Bekaert and Wu (2000), among others), tidegee for it in emerging markets
has been less clear-cut (Bekaert and Harvey (1997)). Maoeisingly, theC A, of deTARCHed
returns is also negatively correlated with the volatilitysonple returns, which suggests that asym-

metry in the volatility cannot fully account for the leveragffect.

It is a stylized fact that macroeconomic fundamentals actéor a small fraction of condi-
tional volatility fluctuations (see e.g. Schwert (1989) gken Ghysels, and Sohn (2010) and En-
gle and Rangel (2008) among others). In contrast to comditigolatility, we find a significant
relationship between conditional skewness and macroesignimndamentals. In particular, we
examine an extensive set of variables that measure liguadid the degree of international stock
market development that have been suggested in the literateluding: turnover, the capitaliza-
tion of a country’s stock market relative to its nominal GEf# number of companies listed on
its exchange, a measure of market liquidity, a short-teterioank or government bond yield, the
growth rate of real GDP, and the volatility of quarterly ré&DP growth. We find that many of
these economic variables are correlated with future cmdit skewness. More interestingly, the
low correlation between the conditional skewness of DM aktdértfolio returns can be traced to
their oppositeresponse to macroeconomic fundamentals. For exampleuerrnelates negatively
to conditional asymmetry of the DM portfolio and positivetythat of the EM portfolio. In de-
veloped markets, turnover captures investor disagreeamehheterogeneity of beliefs (Hong and
Stein (2003), Chen, Hong, and Stein (2001)), and our findirggnsistent with the view that more
disagreement has a negative impact on DM conditional skesvriea emerging markets, turnover

is rather proxying for stock market development (Bekae#drvdy, Lundblad, and Siegel (2011))

5An exact decomposition of the conditional asymmetry ofmetwsing a factor model is unfortunately not possible,
as we explain below.



which, we find, is positively related to the skeweness of EMmres.

Finally, we investigate the economic relevance of retugmasetry in an international portfo-
lio allocation setting. We use a recent parametric podfalpproach of Brandt, Santa-Clara, and
Valkanov (2009) which is particularly suitable for our ajpption, since (1) it allows for country-
specific conditional information (through the portfolioights), (2) is able to accommodate a large
number of assets, and (3) is not limited to mean-variancesiiors. We maximize the utility func-
tion of a constant relative risk aversion investor with-a5, whose portfolio weights are a function
of the conditional asymmetry measurel, and other country-specific variables. We find that the
optimal portfolio is tilted away from a value-weighted al&dion and toward countries that are less
negatively skewed, which also happen to be mostly emerginganmies. In particular, when the
investor conditions his decisions upon the estimated asstnyrmeasures, the optimal allocation
corresponds to placing approximately 17 percent of the li@igemerging economies relative to
the value-weighted allocation of only 9 percent. Theseltesibtain even after controlling for
other macroeconomic state variables. Taking into accoomditional asymmetry in the portfolio

allocation also leads to sizeable increases of the ceytaquivalent return and Sharpe ratio.

While the analysis in this paper is mostly empirical, our iings$ have broader implications for
the formulation of asset pricing models. A large class & n®dels relies on the fact that returns
can be expressed as= u; + 0,c;, where expected returns are characterizeggnd conditional
volatility is described by, [ The presence of conditional asymmetry in deTARCHed retarns
gues for the necessity of models that feature skewness hotrotie volatility dynamics but also
in the distribution of the economic shocks such as in BekasttEngstrom (201H)More broadly,
the prevalence of conditional skewness in returns sugtfestshis feature of the data ought to be
incorporated in asset pricing models. While there are a tesh sttempts (Hong and Stein (2003),
Brunnermeier, Gollier, and Parker (2007) and Brunnermeaiel Pedersen (2009)), more work is
needed in that direction if we are to explain the documeny@auhics of the conditional skewness

and its different characteristics across developed andgngemarkets.

5This is called a location-scale transformation. For theppae of simplicity, we focus here on a discrete single-
period return, although our empirical analysis will invelmultiple horizon returns.

A number of ARCH-type models that accommodate skewness e proposed in the literature, including
Rockinger and Jondeau (2002), Jondeau and Rockinger (ZB&3)ens and Laurent (2005), among others. We do not
pursue such an approach here, as our quantile-based metiticadw for return predictions at various frequencies -
while keeping daily returns information - something thatagbnot be easy to achieve with the existing models.



The paper is structured as follows. Section 2 describes thetide-based method of condi-
tional asymmetry and tackles estimation and testing issGestion 8 provides a description of
the data and a first set of empirical results using the intemnal portfolio returns data. Sectidh 4
presents the first set of key empirical results, documerthiagime-variation and co-movement of
C'A;. In Sectiorl 5, we use pooled regressions to link the conditiasymmetry in international
markets to macroeconomic fundamentals. Section 6 covennational portfolio allocation with

conditional asymmetry. Conclusions appear in Sec¢iion 7.

2 A Robust Measure of Conditional Asymmetry

We are interested in quantifying the asymmetry in the (coowtal) distribution ofn-period re-
turns. The log continuously compoundegberiod return of an asset is definedras = Z;‘;Ol it
for n > 2, wherer; is the one-period (daily) log return. For simplicity, we asg that the
unconditional cumulative distribution function (CDF) gf,, denoted byF,,(r) = P (1., <),
and its conditional CDF given information sét ;, denoted byF,, ;1 (1) = P (14, < 7[1i-1),
are strictly increasing. The unconditional first and secomments ofr,,, are denoted by:,, =
E (ry,) ando? = E ((r,, — 1,)°) and their conditional analogues py,, = E (r,,|I,—) ando?,,
=F ((rm — Mn’t)2 |It_1), respectively. For the one-period returns, we simplify tio¢ation by
dropping then subscript.

2.1 Preliminaries: Unconditional Robust Measures of Asymratry

By far, the most popular measure of asymmetry is the unciondit skewness, or the third nor-
malized moment of returnss (r;,,) = E (r,,, — uun)® /. Conditional models of skewness based
on autoregressive conditional third moments have beerogeapby Harvey and Siddique (1999)
and Leon, Rubio, and Serna (2005). A natural estimate ofis&ss is obtained by replacing ex-
pectations with sample averages. However, it is well-kndlat skewness estimates based on
sample averages are sensitive to outliers, even more satbastimates of the first two moments,
because all observations are raised to the third power. fbishas prompted researchers since

Pearson (1895), Bowley (1920), and more recently Hinkl&7 &) to look for robust measures of



asymmetry that are not based on sample estimates of thenbingknt.

Hinkley’s (1975) robust coefficient of asymmetry (skewnesslefined as:

whereq,_g (7). qo0.50 (7.n) @ndgg (1, ,,) are thel — 6, 0.5, andd unconditional quantiles af; ,,,
and quantile is defined asy (r;,,) = F, ! (r.,), for 6 € (0, 1]H This skewness measure captures
asymmetry of quantileg,_y (r:,,) andgy (r:,,) with respect to the median (i.g 5o (r+,,)). In the
specific case of = 0.75, we are considering the inter-quartile range and (1) is knasvBowley’s
(1920) statistic. We will denote this latter measure singsy? A(r;,,). The normalization in the
denominator insures that the measure is unit independéntvaiues betweenr-1 and1. When
RAy (r+,,) = 0 the distribution is symmetric, while values divergingta (1) indicate skewness to
the left (right).

The asymmetry measuiA, (r.,) is, unlike the moment-based skewnégs, ,,), robust to
outliers as they do not affect the quantiles. To illustrate fact, we display in Figuriel 1 250-day
rolling estimates ofS (r;) (left panel) andR Ay (r;) for values ofd = 0.95 (middle panel) and
0 = 0.75 (right panel) for two developed markets (DM) and emergingkeis (EM) portfolios,
available for the 1980-2010 period (details about the dallabe provided later). We estimate
S (r;) and RAy (r;) using a rolling sample in exactly the same fashion as onenasg#s rolling
sample volatility (see for example French, Schwert, anchBtaugh (1987)). Figute 1 shows results

for simple daily log returns; (top panels) as well as for deTARCHed retusfigbottom panelﬁ.

While the estimates in Figuié 1 represent two ex-post measufrthe conditional skewness
(rather than ex-ante forecasts), they illustrate two keaptgo First, the rolling estimates ¢f (r;)
exhibit significant discontinuities that occur at the timieam large outliers enter the rolling sample

— in this case the 87 crash. Even one daily observation hasiamediate and drastic impact on

8The inverse of}, (r;.,) is unique, since we assumed tt#&t(r; ,,) is strictly increasing. I (r;,,,) is not strictly
increasing, then we can define the quantilqgaks(rt,n) =inf{r: F, (ryn) = 0;}. The measure in equatidd (1) also
satisfies all conditions that Groeneveld and Meeden (198gtufate any reasonable skewness measure should satisfy.
Another widely-used skewness measure, the Pearson ceeffidiskewness, defined §s— g 5 (r¢.n))/on, does not
satisfy these properties.

®While the remaining of the paper focuses on annual returagynovide here conditional skewness estimates of
daily returns. We do so for the sake of comparison with theviptes literature which has mostly focused on the
skewness of short-horizon returns.



the skewness estimates. In the bottom panels, similartsesppear with deTARCHed returns,
which suggests that adjusting returns for asymmetric hityaeffects does not fully account for
the outliers. The discontinuities in the estimatef-;) make it hard to analyze its time variation
and to reconcile it with underlying economic variables, sfatime series properties are much less
erratic. This result is not peculiar to the rolling estingt&s noted by White, Kim, and Manganelli
(2008), but rather is due to the use of a sample analogue tfitdenoment. Bekaert, Erb, Harvey,
and Viskanta (1998) provide similar plots for individualeries and the discontinuities are even
more striking. By contrast, the rolling estimates of theustiskewness measuf&4, (r;) in the

top right panel of Figurkl1 are much less sensitive to ostlier

A second important observation emerging from Fidure 1 pestt the correlation between
the asymmetry estimates of the DM and EM series. In the tdp#eiel, the correlation between
the time-varying skewness estimates is 0.60. The highledioa is however largely influenced by
a few large shocks. Deleting the three largest positive &agative daily returns in each portfolio,
representing the top and bottom 0.04% of their distribytiowers this correlation to 0.31. A sim-
ilar point can be made by considering the rolling robust asgtny measure® A, o5 (r;) (upper
middle plot) andR A 75 (r;) (upper right plot), which yield correlations of 0.35 and@.2espec-
tively. The differences are remarkable and have signifieaahomic implications for international

portfolio allocation, as discussed below.

At a technical level, the quantile-based skewness mea8uigr,,,) does not presume the
existence of moments. This is particularly important foreeging market data, which are known
to have fat tails. To our knowledg&A, (r:,,) and its generalizations (see below), have received
very limited attention in the empirical finance literatutiee few notable exceptions include Kim
and White (2004) and White, Kim, and Manganelli (2008). Téason is undoubtedly due to the
fact that we need to estimate quantiles, which is not agstif@rward as estimating third moments.
Fortunately, quantile regression methods have greatlyawgal in the last thirty years following

the path breaking work of Koenker and Bassett (1978) and @ dn results from that literature.

Perhaps the biggest limitation &4, (r.,,) is that it is based on unconditional quantiles of
returns. As such, it provides unconditional measures ofvekss but is not useful to study the
dynamics of conditional asymmetry. We now extend ihé measure to capture asymmetries in

the conditional distribution by replacing the uncondiauantiles in[(IL) by their conditional



analogues and provide new models for the latter.

2.2 Conditional Robust Measure of Asymmetry

If got (1) = Ft_nl|t—1 (r) is the conditional quantilé of returnr ,,, then we define the conditional

asymmetry statistia;' Ay ;, given information/;_; as:

Clgy (ren) = (0.t (re.n) — qos0.t (T1.0)) — (Qo50. (Te0) — Q100 (Ttm)). @
Go,t (Tem) — Q1-0,t (T1,n)

The expression in equatidi (2) is a conditional version efdbust asymmetry measukely (r;.,)
appearing in equatiol(1) and involves conditional quastilWhen modeling such quantiles we
want to be more explicit in our notation and denote thenmyhy(r; .; ds,) Where the unknown
model parameters are collected in vedigy. The notation reflects the fact that the functipwill

be estimated for each quantii@nd the parametets ,, may differ across quantiles and horiz@s.
For instance, we can mode) ; (:..; ds») as an affine function of state variables, collected in a
vectorZy ;.

Qo.t (Tt 00.m) = Qo + BonZot—1 (3)

wheredy ,, = (.., Bp,n) are unknown parameters to be estimated. In the above spgioficwe
allow the conditioning variableZ, ,_; to also differ across quantiles. The choice of the functiona
form and conditioning variables in the estimation of coidial quantile regressions is similar to
that of any regression, whether we are estimating a comditimean, conditional variance, or a
conditional quantile. Therefore, the parametrizationf(r; ,,; dy.,) and the type of conditioning

information that is used are of primary importance.

To capture fluctuations in the quantileseperiod returns, we usgaily conditioning variables.
We do so because, given that quantiles are hard to estinetisgly, we want to use all the richness
of the high-frequency data. The alternative which is to aggte the conditioning variables so that
they match the frequency of theperiod returns would result in information loss and les=scge
guantile estimates. The horizon mismatch betweemtperiod returns and the daily observations

compels us to use a mixed data sampling, or MIDAS, approachileWWIIDAS models are not

10w continue to use the notatiGh instead ofC' A whenever we use estimated asymmetry measures. The distinc-
tion between the population process and sample estimalidsevalear from the context.

9



entirely new in finance, they are relatively recent and hawenbeen used in the context of quantile

regression

We characterize a MIDAS quantile regression - where the itiondl quantile pertains ta-

period returns and the regressors are daily returns - as\veil

Qot (Ten;00m) = Qon+ BonZi—1 (Kon) (4)
D

Ziy (Kom) = > wa(ken)Teoi-g ®)
d=0

wheredy,, = (.., Bons kon) @re unknown parameters to estimate. The quantiles are ae affi
function of Z,_; (x;,) Which consists of linearly filtered,_,_, representing daily conditioning
information with lag ofd days. The weightsv, (k) are parameterized as a lag polynomial
function whose shape is captured by a low-dimensional pet@mvectorxy,. Asymmetry is
achieved wheny ,, andy ,, differ across quantiles, when the conditioning variatdes (x, ) are
different across quantiles, or both. Moreo\&r, , (k¢ ,,) can differ acrosg’s even when the daily
data inz;_,_4 is the same, because the estimated filtering weights:, ) are not necessarily the

same across quantiles.

The parsimonious specification of the MIDAS weighig(xy,) greatly reduces the number
of lag coefficients to estimate from? + 1 (which can be very large, given the frequency of the
data), to only a few. The parameteys, governing the filtering of the daily observations appear-
ing in equation[(b) and the parameters, and 3y, in the quantile regression equatién (4) are
estimated jointly as further discussed below. The MIDASesgion framework allows us to use
high-frequency data in the estimation of quantile forezastvarious horizons. The benefits and
trade-offs of using high-frequency data in the context @rgue regression estimation or skewness
forecasts is a topic that has not received much attentionleWhs not the primary focus of this

paper, we offer some first insights in that directtan.

The original work on MIDAS focused on volatility predictisnsee Ghysels, Santa-Clara, and Valkanov (2005)
and Ghysels, Santa-Clara, and Valkanov (2006). For otharibations, see recent survey on MIDAS by Andreou,
Ghysels, and Kourtellos (2011) and Armesto, Engenmann{Oamyghng (2010) as well as the survey specifically on
MIDAS and volatility prediction by Ghysels and Valkanov (20).

2Arguably, an exception is the literature on tests for jumpsantinuous time stochastic volatility jump diffu-
sions. These tests typically apply to a decomposition dfzed volatility into a continuous-path and discrete jump
component. Such analysis requires intra-daily returns aéich is not available for emerging markets.

10



There are several benefits from using the MIDAS quantile ifipation (4) - (3) rather than
other conditional quantile models. First] (4)1 (5) is noteaursive quantile model: the condi-
tioning informationz;_,_; can be any variable that has the ability to capture time tiarian the
guantile of the return distribution. This allows us to hantile mismatch of sampling frequencies,
unlike autoregressive specifications, such as Engle andjMuaelli’'s (2004) CaViaR which obtains
for n = 1 (a single period horizon) whety ;1 = [go.+—1 (1:—1) ||7¢—1]|] for all 6. Second, the MI-
DAS weights filter the potentially noisy daily data. This iarficularly important while working
with emerging markets returns. Third, we can forecast skswat various horizons (in this case,
annual) while keeping the information set fixed (i.e., déigguency). Fourth, if the,, are the
same across quantiles, then so is the filtered conditioramigble Z;_; (x¢,,) and the quantiles
differ only through theny ,, and 3y ,, parameters. However, differences in thg, imply that the

filtered predictors are also different across quantifes.

To estimate the quantile function (4), we need to specifyftimetional form ofwg(x,,,) and
the conditioning variables,_;_, in the definition ofZ,_; (k). We address these model speci-
fications briefly, as they are fairly standard in the literatuVe follow Ghysels, Santa-Clara, and
Valkanov (2006) and specity,(~ ) as a so called “Beta” ponnomiQ.A main advantage of this
“Beta” function is its well-known flexibility using only twparameters; andx.. It can take many
shapes, including flat weights, gradually declining wesghg well as hump-shaped patterns. In

AppendiX A we provide the technical details regarding eation of MIDAS quantile regressions.

We also need to clarify the choice of conditioning variahlges ;. We follow Engle and Man-
ganelli (2004), who find that absolute returns successtapture time variation in the conditional
distribution of returns, and uge;, ; 4| as the conditioning variable ifl(5). While we could have
used any conditioning information, the_, _,| specification provides the most robust results. Al-
ternative @pecifications based on transformations of datlyrns yield similar, but slightly noisier

estimates] More generally, the problem of selecting the conditioniagiables in the MIDAS

BWe do not explicitly consider the issue of quantile crossjngpe e.g. Dette and Volgushev (2008) and Cher-
nozhukov, Fernandez-Val, and Galichon (2010) for themeligerature. It turns out, however, that crossing of quan-
tiles does not seem to be an issue in the applications at hém@over, the topic of suitable regularity conditions for
the proper dynamics of the MIDAS quantile functions is baytre scope of the current paper, see however Ghysels,
Ru, Valkanov, and White (2011).

14Ghysels, Sinko, and Valkanov (2006) and Sinko, Sockin, ahgiséls (2010) discuss the properties of such
polynomial lag and other specifications in detail. The eggi@n for the polynomial appears in equatifn] (15) of
AppendixXA.

15Results from regressions based on simple, squared, and ocetioens are available upon request.
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guantile regression is exactly the same as in any othergsigre In our context, if modell2)
is the true data generating process, then it must be the kas&t (eg,,; < 0[1;_1) = 0, where
€ont = Tt — Qot (Ten; don)- IN Other words, the variabléity,,, = 6 — 1{ep,+ < 0} which
takes on the value of — 1 if ey,,; < 0, and@ if eg,,, > 0, must have a zero unconditional and
conditional expectations (givelp ;). In AppendiX A, we also use this observation to formulate a

test for the validity of model(2).

2.3 Understanding theC' A; Measure

It is well-known that developed and emerging markets restinave time-varying conditional first

and second moments (Bekaert and Harvey (1997)). Hence,werd® their returns as:

Ttn = Hen + Otn€tn (6)

If the dynamics of the conditional distribution of,, are captured entirely by the first two con-
ditional moments, then the distribution of,,, F'(¢;,), is time-invariant and so are its quantiles,

o (£1.n) = F~1(#). Under that assumption, the conditional quanilef returns in[(6) is:

Qo4 (Ttn) = ttn + Otndo (Etn) (7)

The conditional variance; ,, can include asymmetries, such as in the GJR GARCH model. Note
that the quantile functior{7) can be expressedlas (3 0, By = [1 qo (e1n)] ANA Z;_y =

[totn 01 ) forall 6.

Specification[(I7) helps us clarify a few important pointsrsEivariations in the quantiles of
returns may come from variations in the conditional mean@nmlitional variance. Second, the
mean has the same impact on all quantiles and hence cannattitine skewness (conditional
or unconditional) of returns. Third, if the asymmetry is sessfully captured by the volatility
dynamics (such as in asymmetric GJR GARCH models) and tiebdison of ¢, ,, is symmetric,
then the conditional skewness of returns will be zero, ellengh the unconditional distribution
might not be. In other words, time variation in the first andos® moments may not be enough to

generate fluctuations in the conditional asymmetry of retur
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Finally, if the distribution ofz,,, is time-invariant, as the location-scale model assumes th
we do not expect time-series variation(¥y ;. Hence, it is important to consider the skewness of
bothr,,, ande; ,, as we do in the empirical section. The evidence in the bottane|s of Figuréll
already revealed that there is considerable time variatitime asymmetry measure gf,, for both

DM and EM portfolios.

A profound question that has been extensively debated iliténature and that one cannot eas-
ily answer is whether extreme events should be completisyredted in the estimation of statistics.
From an economic perspective, since events in the tails,@f_; () enter into investors’ assess-
ment of risk, they should not be neglected. There is a voloosditerature that aims at estimating
extreme events through the modeling of jumps, extreme \thke@ry or other approaches (for ref-
erences see inter alia Pukthuanthong and Roll (2010)). dnnifernational context, the paper by
Pukthuanthong and Roll (2010) looks at several such messardentify jumps and understand
their temporal correlation. The papers in the jump litertutave the common feature that they are

focusing on extreme quantiles of the conditional distiut

The proposed’ A, ; measure provides a complementary view to this literatutieahit captures
asymmetries between quantiles- § andé of the distribution. If significant economic events fall
outside of that interval but are important from an investperspective, thethshould be adjusted
to reflect that fact. In practice, the selection of the questwill be dictated by the application at
hand. From an econometric perspective, extreme quantédsaader to estimate. In keeping with
the robustness spirit of the paper, we focus primarily on/&ita-25th quantiles, since they can be
accurately estimated. Also, there is a tradition in finamckok at the interquartile range, as the
25th and the 75th quantiles are the half-way point betweemiidian and the extreme tails of the

distribution.

There are several ways of constructing statistics thataest to outliers. While there is no
best way of accomplishing this, it is helpful to consider #éifternatives. In our context, one alter-
native is to modify the traditional skewneS$r;) such that extreme events are trimmed from the
sample. This approach eliminates outliers and hence tratisgeiy of moment-based estimators
of skewness. It also involves deciding what trimming thodgho use. A similar issue arises with
the robust statistics discussed in Section$ 2.1 afd 2.2henchbice of). For instance, while the
RAy (r;) statistic has historically been defined #br= 0.75 (Bowley (1920)), there is no good
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reason to rule out other points of the distributi®ry;, (r). In this regards, it is worth turning our
attention again to Figuié 1 where the middle plots displayrtiling sample asymmetry measures
for returns as well asfn for both DM and EM portfolios using = 0.95. We observe that the
patterns are similar to those in the right-hand side pametsving the interquartile range-based
asymmetry measure with= 0.75. The time series patterns are similar and the coiwakbetween

the measures for DM and EM portfolios are just slightly higivéh 6 =0.95.

The discussion makes it clear that, in the absence of a paason to choose a givén the
mainC' Ay, results should be presented over a grid of values. We takefiiroach to verify that
the main findings are not predicated on one particular chafi@eAs a preview, we show later-and
as Figuré Il already suggested—tfat, ; estimates for varioug's do not alter the main message

of the pap

3 Data and Initial Observations

We have daily US dollar-denominated log returng, for a total of 76 indices, which include

73 country and 3 global portfolio indices. The country palitfs, obtained from Datastream,
are divided into 21 developed markets and 52 emerging nearkeair most developed and a few
emerging markets, the data spans the full period from Jgnliad980 to December 31, 2010
(emerging markets data prior to 1980 is almost non-existelmt the interest of completeness,
our goal is to include as many countries as possible, andoaci@s with shorter data spans are
introduced as soon as their returns become available. AalipPukthuanthong and Roll (2009),
we filter returns to purge holidays and non-trading days. W& the MCSI World Index from

Datastream as a proxy for the global World (W) portfolio. Goies are classified as emerging or
developed following recent papers by Bekaert and Harveg{1and Bekaert, Harvey, Lundblad,
and Siegel (2011). We construct value-weighted portfalicdeveloped (DM) and emerging (EM)

markets daily returns using country returns and marketakgations, recorder at the end of the
previous year, from Global Financial Data, Datastream herWorld Federation of Exchanges.

For a given year, we construct the DM and EM portfolios witheahilable countries within each

8|n contrast, we find that trimmed mean estimates of third pavfeeturns critically depend on the amount of
trimming. Results are also not reported here, but availapte request from the authors.
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group at the beginning of that year.

Table[1 presents return summary statistics for the W, DM, Blidportfolios as well as for
all 73 individual countries, which are sorted by their maapitalization at the end of 2010. We
report daily and yearly log returns statistics, where yeboty returnsr; 50 are computed as the
sum of 250 daily log returns. Given the sample size, we caosteturns in an overlapping fashion
and properly account for the induced autocorrelation instatistics. The first two columns after
the index or country name display the initial date of the meduseries and the number of daily
available observations. With the exception of Finland aredand, all DM series start on January
2, 1980. Among the emerging markets, there is consideratslation in the initial date, ranging
from January 2, 1980 (for Malaysia, South Africa, and Soutrdd) to October 23, 2000 (for
Bulgaria).

EM exhibits larger volatility than DM and comparable skessmat daily frequency. At one-
year horizon (columib(r; 250)), the DM portfolio is very negatively skewed (-0.958) whesehe
skewness of the EM portfolio is approximate half as large4gQ). Country annual returns are
also skewed (columi§(r; 250)) and sometimes even more so than are daily re@rrﬁ]e robust
measure of skewness (colum (r, »50)) reaffirms the negative skewness of annual returns. With
the exception of three countries (Japan, Australia, andria)sall developed countries exhibit
negative unconditional skewness. Among the emerging en@® 14 have positivE A estimates

and China has the largest one.

We also report summary statistics of deGARCHed and deTARGEIrns. Following the dis-
cussion in Section 2.3, we express daily log returns asu; + o,¢;. Estimates of; are obtained
by subtracting an AR(1) model for the conditional mean amidéhg by one of two widely-used
volatility models, either a GARCH(1,1) or the asymmetridRSGARCH(1,1) of Glosten, Jagan-
nathan, and Runkle (1993). We denote the deGARCHed retuithssf and the deTARCHed

returns withs!, and the corresponding yearly returnsdf)é50 andg'f%o, respectivel@ The fil-

"This fact, also discussed by Engle and Mistry (2007) and @lsy#lazzi, and Valkanov (2010), is surprising
because intuition based on Central Limit Theorem argumeotsd imply that skewness ought to converge to zero as
the horizon increases.

BMore specifically, we first fit an AR(1) to the daily returns ditét GARCH or GJR GARCH model. We aggregate
the daily residual on an annual basis. Hence, all that filteis done at daily frequency and then we aggregate.
There are some non-trivial temporal aggregation issues hetably due to the fact that GARCH models don't easily
aggregate. The advantage of our approach is that if dailAfREGHed or deTARCHed returns are truly i.i.d. then we
expect that adding up such residuals on a yearly basis vliliestult in constant quantiles. Any dynamic predictable
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tered returns ought to display less unconditional skewresggecially under the asymmetric GJR
GARCH. In fact, the asymmetric GJR GARCH model has been ustzhgively in the volatility
literature to capture unconditional skewness of returnsweéver, failure to detect unconditional
skewness in the data does not imply that there is no timexv@ni in the conditional skewness, as
discussed in Sectidn 2.3.

Columns 9 through 11 of Tablé 1 display the unconditionalsiess of the GARCH-filtered
daily returns §(cf’)), yearly returns.§ (£(,,)), and the robust measure of skewness of the yearly
returns RA (ef5,)). The last three columns display the same statistics fof&RCH-filtered
returns,S(e}), (S (efa5)), and RA (e7,5,) . Comparing the unfiltered return statistics (columns
6-8) to those of the filtered returns (columns 9-14), we see tiie latter are less skewed. As
expected, the TARCH-filtered returns exhibit the least amofiunconditional skewness. For in-
stance, for the world portfolio returi$(r. 250) is equal to -0.980 and decreases to -0.018 (0.150)
for the deGARCHed (deTARCHed) returns. In some case, sutitedsM portfolio, deGARCHed
and deTARCHed returns continue to exhibit uncondition&vakess. In general, however, the
GARCH- and especially TARCH-filtered returns exhibit lesxonditional skewness across de-
veloped and emerging countries. Also, the robust asymmetigsures are less affected by obser-
vations in the far tails of the distribution. This is part@ty evident in the case of Iceland and for

several emerging economies such as Russia and Indonesia.

Overall, theS and RA measures are positively related. Their cross-sectionaeletdion is
about 0.55 for returns, 0.42 for GARCH-filtered returns, amt 0.38 for TARCH-filtered daily
returns. The relationship tends to be stronger among desdlmarkets, as they are generally char-
acterized by lower volatility and fewer outliers. Anothataresting finding is that the traditional
measure of skewnessis impacted significantly by the GARCH and TARCH filters, wéas the
RA measure is not. This result, which highlights the fact tRdtis invariant to ARCH/GARCH
effects, can also be gleaned from the rolling estimatg®4in Figurell. In the bottom plot of the
figure, we display 250-day rolling-window A estimates for the DM and EM portfolios based on
TARCH-filtered returns. Filtering the returns does notratte time-series dynamics éfA which

varies in the same range as thel calculated with simple returns (top plot).

pattern - which is key to our analysis - will be translateaiatyearly horizon pattern via the aggregation scheme we
use. A less appealing alternative would have been to fit GAR®@Idels to annual returns.
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In sum, theRA measure captures features of the marginal distributioretfrns which are
robust to outliers and related to the moment-based skewwWésaow apply our MIDAS approach
to estimate” A,, which is a conditional version a€ A, and study its dynamics and cross-sectional

determinants.

4 Results

For all 76 portfolios, we obtain the conditional skewnesswastesC A; (1 ,,) of annual returns by
first estimating the 25th, 50th, and 75th conditional quasin expressiong{4) ard (5) as discussed
in AppendiX A and then substituting them into expression (e C A; (r:250) is our leading case,
but we also present results for a gridasf below. The estimated quantiles have three parameters
each (v 250, 50,250, F2.0.250), because we impose = 1 as explained in Appendix]A. Since it is
impractical to show 3 estimates for 76 portfolios, 3 quastiland 3 conditioning variableg:( ,

€| and|ef |), we make the expositional choice of presenting the maialt®for annual returns

of the world, developed markets, and emerging markets dsawébr the largest countries in the
portfolios, namely, the United States and China. We abhtethe notation fron®’' A; (r;250) t0

C' A, as it is understood that all returns are at annual frequenhg remainder of the section is
organized as follows: in a first subsection we discuss thmasts ofC' A,, in a second we study
co-movements in conditional asymmetry and volatility feack, and a final subsection reports on

robustness checks.

4.1 Estimates ofC A,

Table[2 presents the results for the five portfolio returns:DM, EM, US, and CHA. Panel A
displays the estimates 0§ 25 and 3y 250 from the unfiltered returns, o5, for 6 = 0.25, 0.50, and
0.75. The hypothesisy 25,=0 is the most important from an economic perspective, scHirue,
then the quantile does not exhibit time-variation. Hend&fomost of the discussion will focus
on estimation and testing ¢} »50. As discussed in Appendix B, we use the Davies (1987) max-
procedure to test fofy 250 = 0 because they o50s are unidentified under the null. We display

p-values (rather than the more customastatistics) because the distribution of the ntastatistic
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is non-standard and has to be simul@d.

In Panel A, the estimate ¢f; »5 250 is negative and statistically significant at either the 1% or
the 5% level for four of the five portfolios. The exception iMEor which it is 575 250 that is
statistically different from zero with @-value of 1.6%. Hence, for all portfolios at least one of
the quantiles is time-varying. This implies th@t, is time varying for all five portfolios. These
results are not only novel but also extremely encouragingngthe conservative nature of the
Davies test and the fact that we use the actual finite-sanmgtigaition rather than the asymptotic
approximation in computing thevalues. Moreover, the magnitude/@f.s 25 is larger in absolute
value thans, 75 250 for W, DM, and US, which implies asymmetry and a large dowasidk. For
EM and CHA, the asymmetry is not pronounced as the estimtés,9:50 and 3y 75 250 are very
similar. Finally, in four of the five portfolios3; 25 250 < 0 andfy 75 250 > 0 as expected because the
state variables mimic volatility which changes the scalthefdistribution as it fluctuates. Hence,

at least part of the observed time variatioryin () is due to time-varying volatility.

Next, we turn to the GARCH- and TARCH-filtered returns, whimhconstruction should not
exhibit volatility effects. Panels B and C display the samsuits fore{’,;, andc/,;,. Because
we divide the returns by their volatility, the scales ardattént and the magnitude of the estimates
is not directly comparable with Panel A. A few observations @ order. First, in both panels
Bo.25,250 and By 75 250 are statistically different from zero which implies thaéth is time variation
in the quantiles even after the volatility has been filteratl dn other words, the time variation
in the quantiles is not entirely due to a volatility (scaléfeet. Rather there are dynamics in
the conditional distribution of{’,;, ande,;, that need further exploration. Secomt,s 250 and
Bors.250 are both negative, which verifies that the volatility effeto longer present. Third,
Bo.25.250 1S larger in absolute value thaby 75 250, implying that there is some asymmetry in the
conditional distribution. While it is more pronounced iret@ARCH-filtered returns (Panel B),
it is still very much present even for the TARCH-filtered metsi (Panel C). These results confirm
that the first novel finding of the paper — the time variationatéirn quantiles and' A, — holds true

for simple and volatility-filtered returns.

19The Davies (1987) procedure ultimately provides a conseevtest of the null relative to the usual statistics. In
empirical finance, it has been used by Bos and Newbold (1#¥)omo and Garcia (1996), Guidolin and Timmer-
mann (2008), among others. We also report the valug @f.5o that correspond to the obtained mastatistic. Since
the value is not estimated, we cannot compute standardserhotthe robustness section, we provide results which
neglect the Davies (1987) problem and optimize ougy 250 and the results are very similar to what we discuss below.
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Finally, we providep-values for two sets of specification tests, found in thedsotpart of all
panels in Tablél2. The first test repopisvalues pval) of the null that the unconditional cover-
age of the estimated quantile, reported in row “Coverageégqual to the nominal levél(x 100).
Given that the estimation if_(IL6) is non-linear, it is usatuteport the accuracy of estimation of
the quantiles. The null cannot be reject for all countrysgil@s combinations, which indicates
that the quantile regressions are estimated accuratelyecAnsl set of conditional tests checks
whether information contained in average past retupnsi(t')), squared returngp(al(t”)), or
both @val(t")) could prove valuable in constructing quantiles beyond tloatained in past ab-
solute returns. This specification test of the conditionatiel aims to validate the choice of our
conditioning variable. The null hypothesis is rejected fewa instances in Panel A and mostly for
the EM portfolio. This is expected because squared retuapsice the time-varying volatility of
simple returns. In the deGARCHed and deTARCHed returnsglBdh and C), we observe that
the null cannot be rejected for the W, DM, EM, and US portfeland for all quantiles. Only for
CHA do we observe a couple of rejections for the 25th quaatilhe5 percent level. Overall,
these numbers are reassuring that our simple model catdeggiately the behavior of the series

and does not systematically neglect valuable conditiomfaymation.

To visualize the documented time variation in quantiles,pha in Figure[2 the estimated
25th, 50th, and 75th conditional quantiles for the DM (top)l &M (bottom) portfolios based on
estimates in Table 2 for returns (solid lines) and TARCHeféd returns (dashed lines). The plots
display relatively little time variation in the median andper quartile of both the DM and EM
portfolios. In contrast, the real variation appears to bthenlower quartile. For the DM series,
we clearly identify the episodes of financial stress, suctin@s87 crash, the burst of the Internet
Bubble and, at the end of the sample, the recent financias @i2007-2008. Each are marked
by a downward movement in the 25th quantile. The sharpesgtatours at the end of the sample,
marking the severity of the crisis. The pattern for the EMtfmtio is remarkably different. The
25th quantile tends to move at a lower overall level with demalariation. Another important
observation from Figurie 2 is that the upper quatrtile is flaff®RCH-filtered returns, whereas the
lower quartile is not. This means that TARCH-filtered retuame obviously not i.i.d., but most
importantly that taking out the volatility effect does ndtegtively eliminate the downside risk

dynamics. This finding is of independent interest — beyordsttope of our paper and is explored
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further in current research.

In Figure[3, we plot the estimatedA; in equation[(2) for the DM and EM portfolios (sim-
ple and TARCH-filtered returns). The top panel reveals thattime-series pattern @f A, for
DM features strong variation with the well-known negatikewness of stock market crashes—but
occasionally also appears to be positive, notably riglgrafie ‘87 stock market crash. We also
note the negative trend at the end of the sample, againrdlirsg the severity of the recent crisis.
The C'A, for EM exhibits less time variation and is markedly diffetreit is mostly negative at
the beginning of the sample, turns positive in the 19909) ttexreases to zero and into negative
territory during the 2007-2008 crisis. In the lower paneFafure[3, theC' A, for TARCH-filtered
returns display similar patterns. Given the distinct tireeess of DM and EM asymmetry mea-
sures, it is not surprising to note that their correlatiod.B2 for the simple returns and 0.35 for the
TARCH-filtered returns.

Table[3 presents the summary statistics of the estimatédtime series. The averageA;

in four of the portfolios is very similar to the unconditidrestimateR A (7 250) in Table[1 which

is an indication that the model correctly captures conddl@asymmetry. For example, the robust
asymmetry 250-day returns to EM is -0.057 (Table 1), conpéwean averag€' A; of -0.054.
The only exception is China when looking at unfiltered resuroreover, the standard deviation
in conditional asymmetry is always almost as large as thennf@aall countries. Thus, even if
developed economies are on average highly negatively sketwer skewness varies substantially
over time and can turn positive. The statistics are largeghanged for;, 53250 andaf%o, whichis
consistent with our discussion about the quantile-basexsuore of asymmetry not being sensitive
to (GJR) GARCH effects. If anything, removing asymmetry atatility has the effect of reducing

trends in the” A, series.

In the right-hand side panels of Table 3, we report the caticel matrix betweeid' A;s of all
portfolios. As already reported in Figuré 3, the correlatietween the DM and EM portfolios
is positive but small: it is 0.32 for the simple returns ananparable at 0.35 for deGARCHed
and deTARCHed returns. In other words, whether or not wewadcdor volatility dynamics, the
C A, measure between DM and EM exhibits limited correlation. &wer, the average pairwise
correlation between emerging and developed countriesigixg the US and CHA is a tiny 0.012

(Panel A). In fact, the correlation of CHA and the world polid is negative at -0.342 while the
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average correlation of all other emerging economies isgligitly positive at 0.072. Very similar
results obtain for deGARCHed and deTARCHed returns. Takgether, these low-correlation
findings imply that international diversification might b@ra desirable than suggested by a simple

mean-variance analysis — a topic we further explore in S8e@i

To conclude, we turn our attention to Figlile 4 where the MIA@ntile weights of 250-day
lagged absolute returns are displayed for the DM (top) andEditom) portfolio returns. A first
interesting observation is that the decay patterns for DBl BN weights are very different. A
second notable observation is that the decay patternssrealy different for the 25th, 50th and
75th percentile. For the DM portfolio, the 75th percentitelanedian regression puts the weights
on the recent daily observations. Hence, the recent pastrdietes mostly the upper tail in the
C' A, measure. This is not so much the case for the EM 75th pereeagtession. In fact, for this
portfolio most of the dependence appears to be for the lowartide. With some exceptions, we

find that returns and TARCH-filtered returns display simdeerall decay patterns.

4.2 Co-Movements in Conditional Asymmetry and Volatility Feedback

In this subsection, we use time-series regressions bast#te@stimated’ A, in order to explore
its dynamics and relationship with other variables. Firstdiscuss the co-movement between
country asymmetries and the world portfolio. Then, we rietie leverage effect in a conditional

setting, analyzing the relationship between conditiomédtdity and asymmetry.

4.2.1 Co-movements in Conditional Asymmetry

It is natural to ask to what degree the time-variation in ¢oud’A; can be traced to a world
factor. This question is particularly relevant becauseyasaw in TabléI3, the world portfolio
returns exhibit significant conditional asymmetry. In tlmanfiework of an international factor
model (e.g., Solnik (1974), Korajczyk and Viallet (1989hd; Eun, and Senbet (1986), Harvey
(1991)), asymmetries in the distribution of returns magegither because of shocks to systematic
risk factors that affect the cross section of returns or beeaf country-specific shocks. While it
might be tempting to decompose the conditional asymmetgy drtfolio return into systematic

and idiosyncratic risk components, the mechanics of su@ctardposition are not straightforward
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and would likely involve distributional assumptions, wihis what we have so far been trying to
avoid

Rather, we propose an alternative approach. For each poytfice run the time-series regres-
sions:
CA;y =00, +01,CAw + uiy (8)

whereC'4,, andC Ay, are the estimated conditional asymmetry measures of goutnd the
world portfolio, respectively. The approach of represemtheC' 4, , series as a linear function of
one factor,C'Ay;, is a simple way of linking co-movements between return asgines in the
world portfolio with those of individual countries withoutsorting to distributional assumptions
about the factors and idiosyncratic components of retutradso captures the basic intuition from
a factor model, namely, that the systematic world factorhhize the source of asymmetry in the
distribution of country returr@ Based on that intuition, we expect the estimates,ofto be
positive for all portfolios. We also look at correlations @ng the residuals; ; which capture

movements irC' 4, ; that are orthogonal t6'Ayy ;.

Table[4 presents the results from regressibhs (8), wher€'the are estimated using simple
(Panel A), deGARCHed (Panel B), and deTARCHed (Panel Cjnstun keeping with the format
of previous tables, we display results for the world, DM, BYE, and CHA portfolios, as well as

averages of the estimates across developed and emerginggiesiexcluding the US and China),

which are reported in column3M; and £ M;, respectively. P-values, reported in parentheses, are

based on Newey-West standard errors with 250 daily lags.

Focusing on Panel A, the estimated slope coefficdgnin the DM regression i9.833, or as
expected, th&'A;s of the DM and W portfolios are positively correlated. Theresponding-

values indicate that the estimates are statistically Bggmt at conventional levels. Similar results

200ur asymmetry measure is a function of quantiles of retysits; ; ,,) (conditional or unconditional). A general
decomposition of the return quantiles into the quantilehefsystematic and idiosyncratic fluctuations is not pdssib
without further assumptions about the joint distributidih® factors and the idiosyncratic shocks. Namely, modelin
the systematic and idiosyncratic parts of return separateblves the marginal distributions. If we want to traicsit
from the marginals to the joint distribution of returns, wevb to take a stand on the dependence between these two
marginal distributions. One way of doing this would be ttghutsome parametric assumptions, such as a copula
function. However, this would involve making distributmlrassumptions, and would critically depend on the choice
of copula.

2IAlso related is Engle and Mistry (2007), who under certaamiifying assumptions, working with the third mo-
ment of returns rather than with quantile-based measurasyofimetry, derive a linear relation between the skewness
of the asset return and the skewness of the systematic.factor
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obtain for the US. The, ; in the EM regression is also positive and statistically igant, but it is
much smaller in magnitud®(119). For CHA, fluctuations in conditional asymmetry are adgual
negativelycorrelated with that of the world portfolio. Unfortunatgiyis misleading to simply look

at thed, ; estimates in order to compare economic significance acegssssions, because the left-
hand side variables have different variability. TRés are a better measure for that purpose. The
R? in the DM and US regressions is high, as these markets reprassignificant component
of the world portfolio. TheR? in the EM and CHA regressions is significantly lower. We find
it intriguing that such a small fraction of the asymmetriosks in emerging market returns are

explainable by the asymmetry in world portfolio returnsisTéame finding can be glimpsed from

the DM; andE M, columns: the averag®? across developed countrigs94) is about three times
that of the average®? in emerging markets)(111). These findings suggests that, in emerging
markets, factors such as political crises, financial malketalization trends, or other country-
specific shocks might be predominantly important in expregrthe time variation inC'4;. The
volatility-filtered estimates in Panels B and C remain stadally significant, albeit with somewhat
lower estimates, which indicates that volatility co-mowts do not account for the significant

41, estimates in Table 4.

The correlations of the residuals in regressian (8) ardalyggl to the right in Tablel4. Interest-
ingly, in Panel A the correlation between the estimatgd; ; andu g, ¢ is negative £0.287) and

so is that between théS andC H A residuals £0.210). Also, the correlation between the average

DM; and EM,; is nearly zero{.016). Similar numbers are observed in the other two panels. The
finding that variations irC'4;; that are orthogonal t6'Ay,, are either mutually uncorrelated or
negatively correlated is another indication that some eflifferences irC' 4; ; between developed

and emerging economies might be due to geo-political osidioratic reasons.

4.2.2 Conditional Asymmetry and Volatility

A large body of literature has established a relation betwegher volatility and negative returns.
This finding, known as the “leverage effect” has been docueteim many ways. We revisit it

here for two reasons. First, replicating this stylized fath the C'A; measure would lend further
credence to the argument that we are capturing conditi@yathaetry in returns. Second, while

the leverage effect has been well-documented for the US amelaped markets, its presence in
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emerging markets has not been examined as closely. The xcegp&ons are Bekaert and Harvey

(1995, 1997) who do not find support for the leverage effeennerging markets.

For each portfolio in our sample, we estimate the followingetseries regressions:
CAir =, +7,:VOLis + @iy 9)

whereC'4; ; is estimated as above afd) L, , denotes portfolia’s volatility, which is estimated

from a MIDAS regression as in Ghysels, Santa-Clara, andavidi (2006). While there are many
volatility models - including the ARCH-type models we empfor normalizing the returns - the
advantage of using a MIDAS volatility model is th@t4; ; andVVOL, , use the same information

set of daily returns.

In Table[B, we present results for regressidn (9) wiiere; is based on simple, deGARCHed,
and deTARCHed returns and) L, ; involves squared daily retur%.‘l’ hep-values are again based
on Newey-West standard errors with 250 daily lags. In PanelAis negative and statistically
significant for the W, DM, EM, US, and CHA portfolios. This fimgj is consistent with the lever-
age effect results from the asymmetric GARCH literature snaso in line with the “volatility
feedback” hypothesis of Campbell and Hentschel (1@20)Iatility fluctuations explain fron28
percent (W portfolio) to as much & percent (CHA portfolio) of the variation i6'A4; ;. The neg-

ativeCA;, - VOL,, relation is not due to a few countries as the average of theatsts without

the U.S. and Chinal§M; and E M;) yield consistently similar results.

More surprising is the finding that a negative relation betwthe conditional asymmetry and
volatility exists even for deGARCHed and deTARCHed retujpanels B and C). The point es-
timates, while smaller in magnitude, are clearly statalycsignificant at conventional levels. In
panel C in particular, we expect to see no correlation betwleaC' A, ; of deTARCHed returns and
conditional volatility, if the TARCH filtering adequatelyaptures the asymmetry. This is clearly
not the case. Our finding is intriguing because it has thrgeomant implications. First, the

deTARCHed returns are not i.i.d. since they exhibit coondil asymmetry. This point has already

22Since we are estimating volatility it does not make sense®ARCH or deTARCH the returns.

23Asymmetries arises in their model because large good nesesdise volatility and thus risk premia, partly offset-
ting the positive effect on today’s return. On the contrardyen large bad news come they raise both volatility and risk
premia, whose effect is to depress even more contemporamneuns.
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been made above using slightly different methods. Secaméygng economies also exhibit a
negative relation between conditional skewness and libJatrinally, our results suggest that the
traditional notion of leverage effect (i.e., asymmetryhie tonditional volatility) ought to be ex-
tended to a conditional version, one which accommodategatine relation between conditional

skewness and conditional volatility.

4.3 Robustness Checks

We perform a series of robustness checks to verify that aultseare not driven by a fortuitous
choice of the quantiles used to constratt,,, by the estimation strategy, or by the sampling

frequency.

Different quantiles. The results thus far were presenteddot, which entails estimating the 25th
and 75th quantiles. However, the general formulatiowef, ; in expression[(2) makes it clear
that any quantile pairsl(— 6, #) might be used in the analysis. We verified that our main tesul
hold true for a range of values. Specifically, we estimatédA,, for a grid of #s ranging from
0.55 to 0.95 across the three returns specificatdifien, we checked that for DM deTARCHed
returns the correlation between the benchm@rk, and the othel”' 4, ;s is no lower than 0.91
(CAos5+) and is in the range of 0.95-0.99 for the otlésr For the EM deTARCHed returns, the
same correlation is no lower than 0.984, 55 ;) and is in the range of 0.97-0.99 for the otldsr

In other words, all these asymmetry measures are highlgleded.

We also verify that the low correlation in the conditionayesnetry between the DM and
EM portfolios is not driven by our choice afin C'Ay;. The rolling sample quantiles reported
in Figure[1 already hint at the fact that changing the quesitiheasure fronR Ay 75 to RAg.g5
produce comparable results. To show this with the conditignantile specification we turn our
attention to Figurgl5 which displays the correlation betnw@el, ;s of DM and EM portfolios for a
grid of s ranging from 0.55 to 0.95 across the three returns spdmiisa The correlations appear
rather stable across quantiles, with a decrease as we get ¢tothe median. Importantly, they
never exceed 0.40 even for the most extreme quantiles. Hemosonclude that thé' A; measure

is representative of the asymmetry across a wide spectrgueanttiles. This evidence is consistent

2%We do not go beyond = 0.95, because practically speaking such extreme conditionahtijas are poorly
estimated.
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with the observation in sectign 2.1 that the DM and EM poitfeofeature low correlation once the

effect of observations in the extreme tails of the distitrutire excluded.

Unconstrained estimation. As discussed above and detailed in Apperdix A, we estimate th
guantiles by imposing a downward sloping weighting scheanettie MIDAS polynomials and

a positive intercept for the quantile regressions. Thesstcaints, imposed to improve the opti-
mization, have the effect of shrinking the estimates. Hawethey are not necessary to obtain
the main findings. Indeed, we re-estimate the quantile ssgpas in[(4){(b) without imposing any
constraints on the coefficients, 5, 1, k2) and find that the main results of the paper still hold.
Some EM countries feature somewhat anomalous lower gaantiiost likely associated with lo-
cal minima in the estimation. The correlation betweendhg of the DM and EM portfolios is

now closer to zero or sometimes even negative.

Role of exchange ratesFollowing common practice (e.g., Bekaert and Harvey (19&Ijdolin
and Timmermann (2008)), we consider US dollar-denominggdns. This is the perspective of
an unhedged US investor whose investments, denominatlkd game currency, represent feasible
trading strategies. Yet, one may wonder whether and how ratitie above-documented asym-
metry is due to exchange rates fluctuations. It has been é@tyae expected returns on currency
portfolios represent a premium for skewness (Bates (19898jjortunately, we cannot decompose
the C'A, of the dollar-denominated returns into that of local-cnogand exchange rate returns

without making further distributional assumptions. Weviethis topic for further research.

Non-overlapping monthly returns. As an additional robustness check, we estimate(ilig
measure on 22-day non-overlapping returns to evaluatenpadt of overlap and sampling fre-
guency on our results. The resultant series, not shown faciseness, exhibit similar patterns to
the ones in Figurg]3. The correlation between the DM and EMf@ars is again low, ranging
from 0.37 for returns to 0.08 for deTARCHed returns. Howgren-overlapping monthly returns
produce noticeably noisier estimates’ofi,. They are also less suitable for studying the impact of

lower-frequency macroeconomic variables, which is thd taic of our investigation.
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5 Conditional Asymmetry and its Macroeconomic Determinans

While our previous results delve into the time-series angnowement properties af'A,, they
have little to say about its economic determinants. In tadien, we ask the economically more
interesting question of whether fluctuations and crosties®al differences in the asymmetry mea-
sures can be linked to macroeconomic fundamentals. Weetdlold question by regressidgA;

on a set of predetermined state variables. In selectingdheahles, we are guided by economic
theory and evidence from previous predictability studiesanditional mean (Fama and French
(1989), Goyal and Welch (2007), among others), volatilBgKaert and Harvey (1997), Engle,
Ghysels, and Sohn (2010), Engle and Rangel (2008), Sch&88]) and skewness (Boyer, Mit-
ton, and Vorkink (2010), Chen, Hong, and Stein (2001)). &imost of the conditioning variables
are available at annual frequency, our approach is to expibether variables observed at the end

of yeart forecastC' A, ;.

More specifically, we investigate the relationship betweéety ;,, and its economic determi-

nants by running the following pooled regression for allminies and across time:
CAjppr = Co+ (G Xir + Uiy (20)

where the vectoX; ;, contains as many as nine predetermined country-specifablas in addition
to a linear time tren@ CA, 4+, Is estimated from simple, deGARCHed, or deTARCHed returns,

as above. We first describe the conditioning variables agia discuss the regression results.

5.1 Conditioning Variables

The conditioning variables, available for each countryy ba divided into two subsets: finan-
cial quantities and macroeconomic indicators. The datacesuare Datastream, Global Financial
Data, the World Federation of Exchanges, and the World Baatlaltase. Summary statistics are
discussed in Appendx]C with reference to Tdble| C.1.

25The linear trend is meant to capture changes through timadonditional asymmetry which are not captured by
any of the other variables. An alternative approach is ttuhe year fixed effects. We verified that our results are
robust to year fixed effects but thestatistics deteriorate as more regressors are included igto be expected given
the loss of degrees of freedom arising from the addition ef2& time dummies.
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Financial variables: The first financial variable is the conditional volatility afcountry’s
stock market)OL, calculated as in section 4.2. Volatility is a traditionaéasure of economic
uncertainty and, as discussed above, it is also necesseaptore the leverage effect. In different
contexts, Chen, Hong, and Stein (2001) document a negaiiveit not statistically significant,
relationship between volatility and future skewness atapgregate level, while Boyer, Mitton,

and Vorkink (2010) find that idiosyncratic volatility is ashg predictor of skewness.

Next, we consider three measures of the degree of financi@lamment. The first one is
turnover ("U RN), defined as the log of the ratio of the total value of shar@sad to the average
market capitalization for the period and used by Bekaertyéia Lundblad, and Siegel (2011) to
proxy for stock market development in emerging economiesleveloped markets, Chen, Hong,
and Stein (2001) use turnover as a proxy for the intensityisdgieement among investors and
find that periods of unusually high turnover are associatigd subsequently lower (i.e., negative)
skewness of returns. Two other variables, the market degaition of a country’s stock market rel-
ative to its nominal GDP (denoted/G D P) and the number of companies listed in the Exchange
(denotedVCO M P), both in logs, capture the relative and absolute size ofitlaacial sector, re-
spectively (Bekaert and Harvey (1997), Engle and Rang€l&p0 Chen, Hong, and Stein (2001)

show that in the US, the size of a company is inversely reldéde skewness of its returns.

Finally, we include a measure of market liquidity. The effet liquidity on skewness is
studied notably by Chordia, Roll, and Subrahmanyam (20@ce data on aggregate bid-ask

spreads is available only for a very limited number of coestrwe rely on Roll’s (1984) liquidity

proxy calculated ag7Q); = —\/|C0Vt(r7, r,—1)|, whereCov,(r,, r._1) denotes the one-day auto-
covariance of daily returns within yearTherefore L1Q); is the effective liquidity of daily returns

during that ye

Economic variables: Two interest-rate variables—a short-term interbank oregament bond
yield (I'BILL) and the spread between a long-term and the short-term f&t® R)—and the
growth rate of real GDP( D Pg) capture changes in the investment opportunity set and-<ros

sectional differences in macroeconomic conditions. Whithethe volatility of quarterly real GDP

26pdmittedly, it is possible that this quantity is capturinifeets other than bid-ask spreads. For example, positive
correlation in returns may be due to asynchronous tradirigctwis more severe in countries where stocks trade
infrequently. Alternatively, one can think of the covarian(correlation) in stock returns as related to the profitgbi
of momentum strategies, arguably a measure of market iigféig. Yet, all these interpretations share the property
that higher (less negative) valuesiof ) are associated with more liquid markets.
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growth (GD Po) over the current and past two years as a proxy for macroecmnancertainty.
These variables have also been used in recent papers by &mjlRangel (2008) and Bekaert,
Harvey, Lundblad, and Siegel (2011). The first study rel#tes to low-frequency volatility in
developed and emerging markets whereas the second onéhasesa investigate the economic

reasons behind equity markets segmentation.

To the best of our knowledge, the links between stock retskesvness and the macroecon-
omy have not been empirically explored nor cast in a themakthodel. Yet, it is reasonable to
suspect that macroeconomic fundamentals play a role inm@alysis. For instance, asymmetries in
economic shocks, which have been extensively documentethadeled in the literature (see e.g.
Neftci (1984), Hamilton (1989), Sichel (1993)) might be attdbuting factor. In addition, sev-
eral studies have related with some success the volatfigyock market returns to that of macro
shocks (see Schwert (1989), Engle and Rangel (2008), anle Ealgysels, and Sohn (2010)). At
the very least, the proposed variables will play the rolex#dieffects, capturing cross-sectional

differences inC' A, that are either related to unobservable or hard-to-medaci@'s.

5.2 Regression Results

In Table[6 we report coefficient estimates from three pooledions of regression (110). In the
first one (World), we include all countries in our database { to 73). Results from pooling only
across developed markets<1 to 21) and emerging economies 22 to 73) are also displayed.
We ran all regressions with' 4, ;, estimated from simple, deGARCHed, or deTARCHed returns.
Since the results are very similar, for conciseness, tHe faesents only the deTARCHed results,
which are perhaps the most economically interesting onase&ch group of countries, we report
three regression specifications. The first one involves itiondl volatility, a time trend, and a
constant. The second one adds the four financial variabhesitee third one includes the four
macroeconomic quantities. For each regression, we reportyipes ofp-values, one from OLS
standard errors (round brackets) and a second one usingreldstandard errors at the year level

(square brackets). We will mainly discuss the clustered results.

2'The resultant panel is unbalanced due to the fact that thenstalate of each stock market index is potentially
different (see Table 1) and that not all the determinants oesgvailable for the entire period of the stock market data.
For example, international data on the number of listed corigs and on turnover starts in the late '80s for most
countries. Data on long-term government bond yields issspfr emerging markets and so is quarterly GDP. Using
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For the world regressions, the coefficientlof) L is negative and statistically significant de-
spite the fact thaC 4, ;;, was estimated with deTARCHed returns. This pooled estinsate
agreement with the time-series evidence from the previabke tand indicates that the link be-
tween conditional asymmetry and volatility is non-line&m. specification (3), the coefficient of
E/GDP is negative and that of turnover is positive, both statslycsignificant at conventional
levels. Among the remaining four variables, the coeffigesit7’SPR, GDPg andGD Po are
significant. For developed markets, the results are simultr a few notable exceptions. The
conditional volatility is no longer significant in the preme of macroeconomic variables. This
indicates either that, for developed markets, a TARCH madelrately captures the asymmet-
ric conditional volatility or that the volatility of GDP gwth, which now has a larger coefficient,
captures the underlying macroeconomic uncertainty. e rajgort a larger impact ot /GDP.
The coefficient of turnover is also significant and has a negatgn, which is consistent with the
Chen, Hong, and Stein (2001) hypothesis and findings thabxigs for intensity of disagreement
among investors. All four macroeconomic variables are nigwiicant at conventional levels. In
the emerging markets regressions, the effect of conditiolatility is negative and significant.
Two of the macroeconomic variables also have significaneaichpThe coefficient of turnover is
positive and significant which is more in line with the intexfation that, in emerging markets,
it proxies for the level of financial development (Bekaergriy, Lundblad, and Siegel (2011))
rather than for disgreement among market participantd! inakets, the volatility of GDP growth
is significant and negatively relatedd®, ., above and beyond the impactdt) L. This finding
is reminiscent of the David and Veronesi (2009) model in Wwhiwestors’ learning about funda-
mentals leads to a non-linear relation between uncertaibbut macroeconomic quantities and

stock returns.

Tablel6 contains two additional important results. Firstesal of the economic variables enter
with opposite signs in the developed and emerging markegtressions. For example, turnover
relates negatively t6'A, ;. for developed markets but enters with a positive sign forrgimg
economies. The coefficient on the short-term interest sategative for developed and positive for
emerging countries. The same is true T PR. The relative size of the stock markei (G D P)

and liquidity also enter with opposite signs, although tbefficients are not always statistically

only the countries having at least a certain number of times®bservations would severely reduce our sample size
and bias our analysis toward developed markets.
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significant. The opposite signs finding is of particular ret# because it suggests that the low
correlations inC'A; between DM and EM economies documented in Figurés 1, 3, and[Bacan

be traced to the opposite response of those markets to eaohordamentals.

Second, the conditioning variables in Table 6 explain a tnwel fraction of the variation
in CA; 1. The R? for developed (emerging) markets is 22% (17%) in the mostpretrensive
regression. For the panel with all countries, ftreis lower (9%) because of the implicit constraint
that the impact on developed and emerging countries be the.s&Ve should reiterate that the
above results obtain for deTARCHed returns. This findingoieworthy, especially if we consider
that researchers have found it challenging to establigtkébktween macroeconmic fundamentals
and return volatility (e.g., Schwert (1989), Engle and RdAg008), and Engle, Ghysels, and Sohn
(2010)). The reportede®s are difficult to compare with those in volatility regresmdecause of
different methodologies, datasets, and sampling freqasndHowever, the overall picture that
emerges is that at least part of the conditional asymmetiati@n is associated with economic

fundamentals.

6 Conditional Asymmetry and Portfolio Implications

The benefits of international diversification and the reldtpic of global market integration have
been extensively explored, mainly by modeling the time/sway means and co-movement of stock
return@ To capture the gist of that literature—and at the risk of esreplifying a complex
subject—in Figurgl6é we display the rolling correlation oTARCHed returns between the DM and
EM portfolios (first graph) and the GJR-TARCH volatility esates of these portfolios (middle
graph). The plots illustrate why it is often argued that tleedfits from international diversifica-
tion are limited: the correlation of returns increases amar sample to as high as80 and the

volatilities exhibit similar variations across time.

The behavior of the first two moments is in sharp contrast witt of the skewness. The
rolling RA measure, displayed for convenience in the bottom plot ofifei@, and its conditional

versionC A, reveal that return asymmetries of emerging and develope#atsado not exhibit

28Among the many papers on the topic, see Solnik (1974), St9&1, 1987), Korajczyk and Viallet (1989), King,
Sentana, and Wadhwani (1994), Bekaert and Harvey (199%yeM#1995), Bekaert and Harvey (1997), Pukthuan-
thong and Roll (2009), Engle and Rangel (2008)
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significant co-movement. In an international portfolio taxt, this finding suggests that investors
can improve upon the standard mean-variance allocatioakigg into account other features of
the return distribution, such as asymmetries, while makipgmal portfolio decisions (Harvey
(1994), Bekaert, Erb, Harvey, and Viskanta (1998), and dan@nd Rockinger (2006)). However,
guantifying the portfolio benefits of conditioning on rattasymmetry is not a simple task. The
straightforward approach of modeling the joint conditibredurn distribution of 73 countries is
practically speaking not possible, especially since we balve at most 30 years of data. There-
fore, we adopt the parametric portfolio approach of Brasdnta-Clara, and Valkanov (2009),
which consists of directly specifying the portfolio weiglds a function of country-specific char-
acteristics. In our setting, the main characteristic oériest is the conditional asymmetry of a
country returnC'A; ;. Our ultimate goal is to quantify its impact on the optimadetsallocation
across countries. Since the approach is fairly novel anddias modified for our application, we

briefly describe it belo

6.1 Methodology

We investigate whether and to what extent the estimatediomal return asymmetrg' A, , would
alter a representative investor’'s optimal asset allonagicross 73 country returns relative to the
natural benchmark—the world value-weighted portfoliauret As in the previous section, the
subscript denotes countiyand let N; be the number of countries in the sample at titmeAn
investor chooses portfolio weights , to maximize the conditional expected utility of her porifol
returnr, 441,

max By [u(rp141)] (12)

{wi ity
wherer, ;11 = Zf\ﬁl w; 47 ++1. We focus on yearly returns and drop the horizon subseriptsim-

plify the notation. Following Brandt, Santa-Clara, andRéaiov (2009), we specify the portfolio

2%For an alternative, albeit computationally more involvagproach see Jondeau and Rockinger (2006). See also
Christoffersen, Errunza, Jacobs, and Jin (2011) for a d&on of international portfolio diversification and highe
moments of asset returns. They emphasize kurtosis in thelysis instead of skewness which is the topic of the
present paper.
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weights of each country as:

S (12)

wherew}’; is the yeart weight of countryi in the value-weighted (market) portfolio adtA; ; is
the asymmetry measure of countrystandardized to have mean zero and unit standard deviation

each period. The normalizatidri N, allows the number of countries to vary across periods.

The weights in expressiof ([12) are estimated by maximizlrjgative function[(1ll) with re-
spect to the parametgr The estimatedjftA can be interpreted as the “actively managed” alloca-
tion. It tilts the portfolio toward or away from}; depending on countrys C'A; ; relative to the

cross-sectional mean. Based bnl (12), the total portfotiormecan be decomposed into two parts:

_.m CA
Tpt+1 = Ty + T (13)

wherer, = SN wir; . is the value-weighted market return arfd! = S0 wSr; .y is

the return from the actively managed portfolio.

We also decompose the portfolio return into investmentstido developed versus emerging
countries by writingw; ; = wpars + wene, Wherewpyry = > 1PMw, , weny = >, 1FMw;,
and1PM (1FM)is a dummy variable that equals one if countiy developed (emerging), and zero
otherwise. Then, similarly to equatidn {12), we express,,; aSwpar,; = Whyr, + ng‘“, where
why, = > 10Mw]h is the value-weighted component anly, , = >, 17w " is the actively

managed weight. The decomposition for emerging econoraiasalogous. Hence, the portfolio

weight can be expanded as; = wp,,, + Wiy, + wi + wiiy, and the portfolio return is:

Tpi+l = TDMt+1 T TEM+1

cA cA
= ("Darass T TErverr) T (PDAerr T TEM 1) (14)

where the total return attributable to developed markets,; 1 = >, 17w, ,r; 411, is expressed
as the sum of a market componeng,,,,, = Zf\’;l 1PMwhr; .11, and an actively managed

componenty§i; ., = S 1PMwSAr; 1, and similarly for EM. Note thatpy i1 andrgasi1

=1 "1
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are not proper portfolio returns as their weights do not sprtowone. Rather, they are components

of r, .41 that are attributable to developed versus emerging casntri

The impact ofC'A; , on the portfolio allocation is captured by the actively-raged weights
whiy, andwgi;,. They reflect the net re-balancing between developed andgérgemarkets,
or wiy, + wiy, = 0 (because’'A;, is standardized cross-sectionally). We will report these
weights, the returns associated with the re-balanaifjg,,,, andry) . ,, and also their correla-
tion p (1G4 141, THar.41) - The total correlation between the DM and EM retumng@:pay,i+1, "eari+1),

which is affected by fluctuations in market weights, willalse reported.

We generalize the parametric weight function(inl (12) toude other conditioning information
asw;; = wit + X7 CAie + 13- Hiy = wiy + wi +wp,, whereH; , is a vector of other country-
specific characteristics, amds a vector of coefficients to be estimated. We are intere’etmff

which is the part of the weights due solely to fluctuation€'ia; ;.

6.2 Results

We estimate the parametric portfolio weighisl(12) by mazing the sample analogue of the ex-
pected utility [11) with respect to the parameters of irgerk Tabld ¥ we present the findings for
a power utility investor with a coefficient of relative riskexsiony who allocates her wealth over
the entire panel of 73 countries and 30 years of data. Theerahgs that we consider, between 3

and 7, is standard in the Iiteratl@.

We start off by discussing the = 5 results. The first column (VW) displays statistics for the
benchmark, value-weighted portfolio with no country-gpjecharacteristics. In that portfolio, the
average investment in all EM countriesd,,) is 9.162% and the balance 90.838% is invested in
DM economies. The return from emerging markets,() is small at0.7% compared with that of
8% from developed countries/,,). The correlation between the two returns is about 0.6, whic
IS not surprising since most countries have a positive bétarespect to the world portfolio. The

total return of the portfolio in our sample is 8.79%) (vith a standard deviation of 20% per anngim.

30See Brandt, Santa-Clara, and Valkanov (2009) and refesgheeein.

31The certainty equivalent return of -15.7% is mainly due ®shvere 2007-2008 crisis which exhibited unusually
high volatility and low returns. The exclusion of year 20@&ervations produces a dramatic increase of the certainty
equivalent return to 4.4%, as discussed below and showrimahle.
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Column (1) contains the optimal portfolio results of an siee who conditions her allocation
onC4;; (equation[(1R)). The positive coefficient 614, ; (4.677) reflects the fact that the investor
prefers positively skewed returns andjtsalue indicates statistical significance at conventional
levels. To gauge the economic significanc€of; ;, we turn to its impact on the portfolio compo-
sition and performance. Its introduction tilts the poritballocation toward EM countries, as they
are less negatively skewed. Indeed, the averdgg , is 6.505% which implies that 6.505% of the
portfolio is allocated from DM to EM countries. Thereforbetoverall weight on emerging mar-
kets in the optimal portfolio increases to 15.691% (9.168%65%). Also, tilting the portfolio
toward positively skewed stocks produces a return fromdtistegy of 6% for the EM countries
and 11.1% for the DM countries. Some of that return is diyeiciiceable t@' A; ; (previous panel)
while the rest is due to market fluctuations. Interestintig, estimated (r54,, r51;) is -0.469.
This is consistent with the time-series results in the previsection that the asymmetry of EM
and DM portfolios are weakly correlated and thus ¢thé; , characteristic allows a certain degree
of diversification. The 16.9% average return of the optin@tfplio is almost twice as large as
the value-weighted benchmark and its volatility increasdg 2% per annum (from 20% to 22%).
Overall, these numbers imply a large 23.3% increase in theinog equivalent, from -15.7% to
7.6%. Such an effect seems implausibly high. Itis partlytdia-sample over-fitting and partly to
the 2007-2008 crisis, which benefits our portfolio greaflye exclusion of year-2008 observations
(second panel in Tabld 7) produces a more reasonable ieciredise certainty equivalent return

from 4.4% to 9.2%.

Next, we include conditional volatility as an additionaluery-specific characteristic in the
portfolio policy function. This allows us to check wheth&ewness is merely proxying for volatil-
ity through the leverage effect. The results in column (2sseire us that this is not the case as
the results remain largely unchanged. The coefficien@'dn, (4.261) is still significant and com-
parable in magnitude to that in column (1). The coefficienvolatility is, as expected, negative
and significant (-1.134). It is however significantly smallemagnitude than that af'4; ;. The
average share of emerging markets in the optimal portfel@milar at 15% to that in column (1),

and so are the statistics of the optimal portfolio returns.

Can macroeconomic variables provide valuable informabeyond that already contained in

the C'A,, measure? Motivated by the encouraging results in Table Gaddeess this question
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by conditioning our strategy on the orthogonal componeh{tog of) market capitalization over
GDP and the growth rate of real GDP with respecftd, ;. These are denoted dy/G D P+ and
GDPg* in Table[T and the results are reported in column (3). We usetinogonal components
because of sizeable multicollinearity withA, ;. The inclusion of these two controls has little ef-
fect on our results: the coefficient on skewness remainsfigignt and actually increases to 6.449.
The volatility coefficient, on the other hand, is now insfigdnt. The coefficient oy /G D P+
equals -6.617 while that of GDP growth is 9.110. Since emgrgconomies are characterized by
lower values of relative market capitalization and high&PGgrowth (see Table G.1), the effect
of these additional controls is to increase the optimakaliion into emerging economies to about
18%. The correlatiom (r&y;, r&4;) is now even more negative at -0.64. The corresponding op-
timal portfolio displays both a sharp increase in averagigrmeand volatility. The net effect is an

even larger certainty equivalent of 17%.

As a robustness check, we extend the portfolio results alwoglimensions. First, to prevent
the recent financial crisis from driving the results, we séreate the model while excluding year-
2008 data. The statistical and economic significancé4f, is preserved, although the coefficient
is now smaller in magnitude. The certainty equivalent retsihigher across all specifications and,
as mentioned above, the inclusion of the asymmetry meastodahe portfolio weight function
yields a more economically plausible increase of about 5%(f4.4% to 9.2%). The average
portfolio weight into emerging markets increases from 8%4column VW) to 15.571% (column
3). Second, we re-estimate the portfolio policy for diffeérdegrees of risk-aversion and display
the results fory = 3 and~y = 7. The findings, reported in the table, are consistent with eco
nomic intuition: a more risk-averse investor trades lesgresgively based on the conditioning
information and the certainty equivalent returns are a fevcents lower for each specification.

The investment into emerging markets, albeit smaller,ligrsthe range of 14% to 16%.

Overall, the Tablg]7 numbers convey a remarkably uniformsags: conditioning on th€ A, ,;

measure has a substantial effect on asset allocation wdiishrf line with economic intuition.
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7 Conclusions

We use a new approach to estimate the conditional asymnmetppritfolio returns,C'A;, and
study a large cross-section of developed and emerging msarkstimates of' A, reveal several
novel results the most notable of which is a low correlatietween asymmetries of DM and EM
portfolio returns. This finding is in sharp contrast with tiesults that the correlation of the returns
themselves is large, positive, and the volatilities betwéeveloped and emerging markets exhibit
significant co-movements. It has significant implicatiomsihternational diversification and risk
sharing, some of which are explored in this paper. Namelypleying the parametric portfolio
approach of Brandt, Santa-Clara, and Valkanov (2009) tdystine international asset allocation
across 73 country portfolio returns, we find that the optipmatfolio is tilted toward countries that
are less negatively skewed, which in our sample are the engeegonomies. In other words, the
introduction of conditional asymmetry results in the o@lmortfolio placing a larger weight on

emerging economies than does the value-weighted portfolio

The low correlation of th&' A;s between developed and emerging economies prompts many
guestions about its economic provenance and significaneefind that, for developed markets,
fluctuations in return asymmetry can be explained by asymasan the world portfolio. Such a
relation does not exist for emerging economies, which iegalhat the time-variation in their A,
measure is most likely driven by country-specific shocks. alge show that, consistent with the
leverage literature, th€'A; is negatively related to volatility fluctuations for DM as Was EM
portfolio returns. Finally, we examine the extent to whible tveak relation between the condi-
tional skewness of DM and EM portfolio returns can be ex@edibhy economic fundamentals such
as turnover, the capitalization of a country’s stock mark&dtive to its nominal GDP, the number
of companies listed on the exchange, a measure of markelitgjua short-term interbank or gov-
ernment bond yield, the growth rate of real GDP, and the Nityadf quarterly real GDP growth.
We find that most of these economic fundamentals account $aremble part of the fluctuations
in conditional asymmetry. Moreover, the exposurg’bl, to macroeconomic variables has the
opposite sign for DM and EM portfolios. This intriguing fimgj is undoubtedly a contributing

factor for the low correlation and merits further attention

Our empirical findings suggest a rich agenda for future mesedor instance, while we do not
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directly link expected returns and conditional asymmedryexplicit investigation of this relation
would be of great importance for asset pricing. Moreover,iovestigation focuses primarily on
one-year returns, but it also suggests that the term steuoficonditional skewness may provide
a new perspective on the understanding of risk premia agréifit horizons. While we know
remarkably little about this topic, the current mixed-dapg@roach provides a tractable framework

for further explorations.
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Appendix

A Specification, Estimation and Testing of Quantiles

We follow Ghysels, Santa-Clara, and Valkanov (2006) andi§pthe weighting scheme; (g .,)

in quantile regression|5) as:

f(%a R1,0,n; KQ,O,TL)

ZdDzl f(%a R1,0,n; KQ,O,TL)

wa(Ko.n) (15)
where: f(z,a,b) = 2 (1 — 2)*71/B(a, b) andB(a, b) is based on the Gamma function, &, b)
=I'(a)l'(b)/T'(a + b). 4 A main advantage of this “Beta” function is its well-knownxikility. It
can take many shapes, including flat weights, graduallyimiag weights as well as hump-shaped
patterns. For instance, equal weights obtain when «, = 1, whereas fok; = 1 andx, > 1 the
wq(ke,,) €Xhibit a slowly decaying pattern that is typical for manpetseries filters. The weights

are normalized to add up to one which allows us to identifyaesparametety ,,.

We estimate the parameteys, in (4) and [(b) with non-linear least squares. More speclfictir

a given quantilé and horizom, we minimize

T
min I’ ; pon (€omt) (16)
whereeg .+ = 7en — ot (Ttn: 00.0) s Pon (€ont) = (60 —1{egns <0})epns is the usual “check”
function used in quantile regressions. The novelty here@aMIDAS structure in the non-linear
guantile estimation. Under suitable regularity condisiothe estimatod%,n, of the p-dimensional
parameter vector that minimizds {16) is asymptoticallynmalty distributed with mean zero and
a variance that can be consistently estimged)nce we have estimates @f ¢ (7:n;01-0.1),
Q0.50.t (Ttn3 00.50.n) @NAGy ¢ (72,05 dp.n) , We Substitute them into expressidh (2) and obtain an estimat

A

of the conditional skewness measuaréy ; (7:.,)

32Ghysels, Sinko, and Valkanov (2006) and Sinko, Sockin, ahgséls (2010) discuss the properties[ofl (15) and
other lag specifications in detail.

33See Koenker and Bassett (1978), White (1996), Weiss (1891le and Manganelli (2004), Koenker and Xiao
(2006), among others.

34We estimate the quantiles separately. A joint estimatiriglestheoretically more efficient, has proven difficult to
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The unrestricted estimation of quantiles for the EM portfalrned out to be quite challenging
in part because our sample starts out with a small set of desrdnd gradually becomes more
diversified as data from more countries becomes availablerefore, we impose two types of
relatively mild restrictions to obtain more precise comiil quantile estimates. First, we impose a
downward-sloping weighting scheme for the MIDAS polynohbiarestrictings; ¢, = 1. Second,
we impose a positive intercept for the quantile regresdutoreover, for the purpose of hypothesis
testing—discussed in the next section—we profile the separaimeter. 4 ,,. For this reason we do

not report standard errors for the MIDAS polynomial paranet

To verify the accuracy of the model, we conduct three spetifio tests on the parameters of the
MIDAS quantile regressions. Clearly, if the quantile mogeWwell specified, then so would be
CAy,. First, we test whether the main parameters of the madg],and 3, ,, are significantly
different from zero. In fact, the economically most intémeg hypothesis is whethet,, = 0

for all quantiles and a given horizon Under that null hypothesis, there is no time variation in
the quantiles and thé'A,, measure should be constant. However, under this null hgsath
the parameters,,, are unidentified and the standardtatistic for3,,, = 0 does not yield the
correct inference. This is a well-known problem in econarostand, as shown by Davies (1987),
a modification of thet-statistic can be used to evaluate statistical significahtee impact of
nuisance parameters is properly accounted for. This is dgmeaximizing the objective function
in (16) for ay .., Se., and a series ofy,, chosen on a grid and then taking the maximum over all
the xy,,. This procedure produces a maximdtatistic across the grid @, ,,. The distribution of
this “max+” statistic can be simulated based on artificial (simulatita for which we know the

null hypothesis holds true. Details of the simulation asedssed in sectidon B of the Appendix.

Second, we check the accuracy of the estimation by repotii@egverage coverage of the con-
ditional quantilegy; (r¢,,) and verify that it is equal t@. This simple test is a validation of the

accuracy of the unconditional probabiliyr (e, < 0) = 6.

Third, we check whether the quantile model successfullyfwrap all conditioning information
in I;_;. In other words, we test whethés (V,_, Hity,,,) is significantly different from zero,
where V¥, _; is a g-dimensional vector of,_; measurable variables. The simplest approach of

doing this is to test whethéi ity ,, , is uncorrelated with pasi ity ,, .. Unfortunately, since we use

implement in practice.
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overlapping data to estimate the quantil&st, ,, ; will be serially correlated by construction. An
alternative approach is to test wheth¢it, ,, , is correlated with other variables ip_,, such as
daily simple (rather than absolute) returns, or squaradmst For instance, to investigate whether
lagged simple returns should have been included in the astmof the quantiles, we can simply
regresddity , . on lagged returns and test for their joint significance. Wenfdate variants of that
approach by testing whethéfit, ,, , is correlated with the yearly average of past daily retuttmes,
year average of past squared returns, and a joint hypothgisig both averages. Because of the

overlap, these statistical tests are carried out using Wétest standard errors witth0 lags.

B Davies Test

For a given quantil@ and horizom, under the null hypothesis @} ,, = 0 the parameters, ,, are
unidentified and standard testing proceduregifgrdo not provide the correct inference. However,
as shown by Davies (1987), thestatistic can still be used to evaluate statistical sigaifce if the
impact of nuisance parameters is properly accounted fas i$hlone by looking at the maximum
t-statistics across estimations based on artificial datevifioach we know the null hypothesis holds

true.

In our setting, the empirical distribution of the Davies 89 test for eacty = [0.25,0.50, 0.75]

and return specificatiofr, ¢, 7') for all portfolio returns is obtained as follows:
(i) aggregate the daily returns to annual frequency=(250);
(i) subtract the uncondition@lquantile;

(iif) generate an i.i.d. sample @f standard normal random variables, whéres the sample size
of the actual daily returns, and use the absolute valuesotéries as;_;_, in (B) to create the

conditioning variableZ;_, (kg ,);

(iv) for every ks, in the [1, 10] range andk, ¢,,=1, find the point estimates ofv ,,, 5y.,) that

minimize the objective function (16) and obtain their cepending-statistics;
(v) store the max of the-statistics forjy ,, across thes, ¢, range;

(vi) repeat steps (iii) to (v) 1,000 times.
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The p-values for the sample estimates @f,, in Table[2 are obtained by comparing the actual

t-statistic with the simulated distribution.

C Summary Statistics of Conditioning Variables

Table[C.1 reports univariate and joint summary statisticsttie C' A, and the nine conditioning
variables described in Sectidh 5. These statistics arelledédd for the whole set of countries in
Panel A, and then separately for developed (Panel B) andgemge(Panel C) markets. On the
left-hand side of Table_Cl.1, we display the cross-sectiamatage (Avg) and standard deviation
(Std) of each variable’s time-series mean and standarctiewi On the right-hand side, average
time-series correlations between the variables are s%\we observe that the averagéd; is
negative (-0.082) and is greater (less negative) for emgngiarkets (-0.072) than for developed
markets (-0.108). For the financial and economic deternisnéme differences between developed
and emerging markets are in line with common economic ilctudnd previous studies. Compared
to developed countries, emerging economies feature hayietmore dispersed stock volatility, a
lower ratio of stock market capitalization to GDP, a muchdowurnover, fewer listed companies,
a smaller degree of liquidity, higher and more volatile ratt rates, and somewhat higher but more

volatile GDP growth.

We next turn our attention to the correlation matrices. Thgative correlation betweef A,
and volatility is more pronounced for developed marketsrétation of -0.319) than for emerging
markets (-0.066), and is consistent with the effect desdrib Campbell and Hentschel (1992).
Second, the four measures of stock market development qudity display only modest corre-
lation, the largest being between the relative size of tbeksinarket and turnover (0.508 for DM)
and the number of listed companies (0.418 for DM and 0.35EM]j. Interestingly, the correla-
tions for the EM portfolio are broadly consistent with thosported in Bekaert and Harvey (1997)
despite the fact they are calculated for a different sameted. Third, as expected, stock return

volatility is positively correlated with economic uncertey (G D Po) and the correlation is highest

35For consistency with our estimation approach, the coiiorlatare calculated between conditioning variables
observed at the end of yeafsay, 31 December 2008) and the conditional asymmetry gtestifor year + 1 (the
conditional asymmetry for 2009) estimated using the infation of yeart (using absolute returns from 1 January
2008 to 31 December 2008).
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for emerging economies.
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Table 1: Summary Statistics

Initial date, total number of usable observationg (annualized mean (Mean), annualized standard deviadim),(@and measures of asymmetry at the 1-day (subscript
t) and 250-day (subscript 250) horizon of country portfolios and individual country logturns..S denotes the standard moment-based measure of skewnelgs, whi
RA denotes the quantile-based robust measure of asymmetmeikpressior{1)e“ ands" are the residuals from fitting a GARCH(1,1) model or a TARCHL(1)
model, respectively, on the return series. Supersagiftsandc denote statistical significance at the 1%, 5%, and 10% canfilkevel, respectively, obtained through
Monte Carlo simulation of a standard normal r.v.

Initial date N Mean Std S(re) S(r250) RA(r:250) S(e§) S(eS950)  RA(F550) S(el) S(els50)  RA(ela50)

W 01/02/80 7998 0.068 0.141 -0.520 -0.98C" -0.238 -0.328° -0.018 -0.211 -0.272*  0.150 -0.184
DM 01/02/80 8088 0.101 0.139 -0.561 -0.958 -0.204 -0.358* -0.033 -0.156 -0.278 0.117 -0.145
EM 01/02/80 8088 0.099 0.184 -0.557 -0.462 -0.057 -0.57% -0.207 -0.130 -0.570" -0.157 -0.085
Developed Markets

uU.s. 01/02/80 8072 0.108 0.175 -1.038 -1.03% -0.113 -0.546 -0.287 -0.111 -0.469 -0.237 -0.055
Japan 01/02/80 8038 0.066 0.215 -0.038 0.260 0.008 -0.083 0.50¢ 0.060 -0.005 0.634 0.103
U.K. 01/02/80 8088 0.112 0.193 -0.389 -1.162 -0.135% -0.358° -0.258 -0.028 -0.309 -0.143 -0.053
Hong Kong 01/02/80 7877 0.086 0.292 -2.062 -0.600 -0.189 -0.887* -0.453 -0.299 -0.663' -0.407 -0.250
France 01/02/80 8088 0.105 0.208 -0.244 -0.356 -0.210° -0.332*  0.040 -0.18% -0.274 0.271 -0.152
Canada 01/02/80 7871 0.087 0.191 -1126 -0.948" -0.18% -0.900 -0.316 -0.208 -1.040¢ -0.280 -0.213
Spain 01/02/80 7889 0.076 0.214 -0.222 0.300 -0.126 -0.428°  0.393 0.051 -0.37¢ 0.600 0.063
Germany 01/02/80 7904 0.080 0.232 -0.210 -0.307 -0.182 -0.553* -0.014 -0.216 -0.456* 0.188 -0.214
Australia 01/02/80 8088 0.109 0.224 -1.883 -0.698" 0.010 -0.559 -0.349 0.033 -0.379 -0.231 0.051
Switzerland 01/02/80 8088 0.110 0.173 -0.834 -0.006 -0.166 -0.488 0.104 -0.214 -0.428 0.254 -0.195
Italy 01/02/80 8088 0.096 0.237 -0.184 0.740' -0.030 -0.246 0.758 0.016 -0.209 0.869 0.023
Sweden 01/02/80 7852 0.111 0.244 0.627 -0.647 -0.351 0.651 -0.132 -0.366 0.778 -0.039 -0.3758
Netherlands 01/02/80 8088 0.116 0.196 -0298 -1.633" -0.174 -0.319 -0.59¢ -0.094 -0.277 -0.507 -0.116
Singapore 01/02/80 8088 0.114 0.221 -0941 -0.222 -0.098 -0.502 -0.283 -0.108 -0.371 -0.180 -0.083
Belgium 01/02/80 8088 0.103 0.185 -0.230 -0.837 -0.134 -0.238  -0.326 -0.079 -0.188 -0.190 -0.061
Norway 01/03/80 8087 0.108 0.263 -0.616 -0.711 -0.038 -0.38% -0.262 -0.063 -0.299 -0.196 -0.045
Finland 01/03/91 5119 0.100 0.295 -0.193 -0.807 -0.147 -0.278 -0.553 -0.049 -0.272 -0.517 -0.055
Denmark 01/02/80 7806 0.116 0.222 0.358 -0.922 -0.105 0.807 -0.467 -0.076 0.925 -0.422 -0.087
Austria 01/02/80 8088 0.105 0.196 -0.243 0.567 0.259 -0.406° 0.719 0.278 -0.379° 0.821 0.28%
Ireland 01/02/80 8086 0.099 0.214 -0.742 -0.929 -0.19¢ -0.471 0.001 -0.192 -0.417 0.086 -0.199
Iceland 01/05/93 4597 -0.014 0.343 -29.333-2.655' -0.368" -0.610° -0.86% -0.231 -0.558 -0.83% -0.214
Emerging Markets

China 04/04/91 5110 0.115 0.382 -0.391 0.385 0.338 -0.630" 0.420 0.16% -0.573" 0.454 0.184
Brazil 04/13/83 7073 0.114 0.622 0.369 -0.642 -0.247 3.977 -0.419 -0.329 3.871 -0.323 -0.332
India 01/05/87 6140 0.095 0.287 -0.045 -0.492 0.019 -0.231 -0.194 0.013 -0.170 -0.160 0.040
South Korea 01/02/80 7964 0.061 0.324 -0414 -0.731 0.006 -0.356 -0.215 -0.072 -0.372 -0.164 -0.066
South Africa 01/02/80 8088 0.110 0.267 -0.528 -0.264 0.016 -0.727 -0.337 -0.039 -0.703 -0.291 -0.040
Taiwan 01/03/85 6696 0.092 0.308 -0.116 0.029 -0.030 -0.177 0.346 0.002 -0.149 0.480 0.009
Russia 09/04/95 3596 0.134 0.437 -0.530 -1.248' 0.050 -0.377 -0.639 -0.098 -0.296 -0.540 -0.090

Mexico 01/05/88 5901 0.170 0.313 -0.419 -0.944 -0.189 -0.378 -0.368 -0.13% -0.322 -0.247 -0.148
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Table 1 (Cont'd): Summary Statistics

Initialdate N  Mean  Std S(re) S(re,250) RA(r4,250) S(e§) S(e950) RA(eF250) S(eT) S(elas0) RA(eXa50)
Saudi Arabia 01/02/98 2367 0.137 0.247 -1.2450.408  -0.273 -0.139"  0.149 -0.179 -0.067"  0.175 -0.125
Malaysia 01/03/80 7981 0.061 0.258 -1.887-0.828  -0.100 -0.72¢  -0.290 -0.095 -0.809 -0.252 -0.085
Turkey 01/05/88 5957 0.061 0.503 -0.2010.077 -0.182 -0.253  -0.121 -0.132 -0.236°  -0.059 -0.137
Chile 01/05/87 6148 0.145 0.189 -0.267 -0.012 -0.114 -0.254  -0.260 -0.174 -0.268  -0.239 -0.165
Indonesia 04/03/90 5414 0.018 0.431 -0.729-1.160°  -0.224 -2.15¢° -0.55¢  -0.120° -1.943  -0.52%  -0.158
Israel 04/24/87 6151 0.103 0.274 -0.350-0.608  -0.311* -0.371*  -0.482  -0.28¢ -0.373  -0.424  -0.264
Thailand 01/05/87 6260 0.111 0.314 0.653 -0.979  -0.004 -0.279 -0.51%  0.033 -0.172  -0.479  0.039
Kuwait 12/29/94 4155 0.095 0.637 -0.007  -1.208 -0.324 41.319 0.277 -0.30¢ 42.848 0.76% -0.282
Poland 04/17/91 5029 0.122 0.348 -0.1891.181 0.17¢ -0.456°  0.530 0.227 -0.413  0.630 0.234
Colombia 03/11/92 4908 0.122 0.216 -1.4930.061 -0.030 -1.626  0.040 0.158 -1.649  0.074 0.163
Greece 10/03/88 5695 0.032 0.297 -0.026  0.098 -¢.317  0.09¢  0.184 -0.272 0.120*  0.258 -0.279
Ukraine 02/02/98 3312 0.077 0.429 3.763 -1.264*  -0.13F 4519  -1.363  -0.14% 4.861 -1.270  -0.104
Egypt 01/03/95 4145 0.076 0.242 -0.478-0.065 0.111 -0.095 0.125 -0.077 -0.050 0.140 -0.070
Philippines 01/03/86 6404 0.100 0.312 0.286 0.008 -0.145 0.72%  -0.224 -0.064 0.606  -0.158 -0.033
Portugal 01/06/88 5872 0.034 0.190 -0.133-0.569  -0.046 -0.296  -0.069 0.009 -0.293 -0.027 0.014
Peru 01/03/91 5125 0.239 0.270 -0.141-0.021 -0.049 -0.302 0.008 -0.149 -0.240  0.024 -0.144
Nigeria 07/03/95 3960 0.112 0.195 -0.217-1.24%  -0.100 -0.333 -0.688  -0.164 -0.33%  -0.686  -0.164
Argentina 08/03/93 4461 0.021 0.371 -1.630-0.680°  -0.306" -0.513  -0.266 -0.358 -0.492  -0.276 -0.348
Czech Republic 11/10/93 4473 0.130 0.273 0%89-0.396  -0.216 0.15%  0.041 -0.139 0.22F 0.072 -0.139
New Zealand 01/05/88 5999 0.083 0.204 -0:309-0.873  -0.111 -0.380  -0.428  -0.094 -0.367 -0.408  -0.083
Pakistan 01/02/89 5678 0.066 0.267 -0.303-0.549  -0.194 -0.327  -0.176 -0.209 -0.28%°  -0.154 -0.202
Jordan 11/22/88 5647 0.062 0.184 -0.2240.862 0.197 -0.214  0.702 0.149 -0.214*  0.702 0.149
Hungary 01/03/91 5134 0.082 0.320 -0.454-0.49%  -0.083 -0.573  -0.152 -0.118 -0.508  -0.113 -0.122
Bangladesh 09/22/97 3417 0.011 0.337 -083170.95F*  -0.219 -0.04¥  -0.802  -0.197 0.015 -0.709  -0.14Yr
Romania 01/02/90 5435 0.057 0.324 -3.649-0.235 0.004 -1.854 0.174 -0.013 -1.774  0.192 -0.006
Croatia 01/03/97 3593 0.068 0.303 0.004  -1097 -0.290* -0.112  -0.256 -0.228 -0.110¢  -0.171 -0.214
Oman 10/23/96 3655 0.082 0.189 0.264 -0.49%  -0.061 -0.217  -0.234 -0.158 -0.223  -0.204 -0.137
Trinidad and Tobago ~ 01/03/96 3834 0.114 0.167 499260.357 0.16% 5224  0.39% 0.168 5.458  0.358 0.226
Slovenia 01/01/99 3131 0.060 0.190 -0.430-0.748  -0.098 -0.04¢  -0.113 -0.058 -0.045 -0.101 -0.041
Kenya 01/12/90 5350 0.016 0.267 0.289 0.704 0.129 -14.94% 0.004 0.062 -14.718 -0.225 0.002
Sri Lanka 01/03/85 6625 0.096 0.202 0.299 0.063 -0.060 0.812  -0.087 -0.093 0.812  -0.087 -0.093
Tunisia 01/05/98 3364 0.102 0.108 0.085 0.254 -0.088 0.334  0.389 0.123 0.33%°  0.39F 0.119
Venezuela 01/03/90 5478 0.047 0.441 -5:9700.105 -0.145 -9.418  -0.074 -0.045 -9.414  -0.074 -0.045
Bulgaria 10/23/00 2620 0.162 0.308 -0.608-1.38%"  -0.299 0.31*  -0.769°  0.057 0.312  -0.76%  0.057
Morocco 01/05/88 5892 0.127 0.182 0.268 -0.453  0.016 1.524  -0.47¢  -0.119 1.528 -0.477  -0.119
Slovakia 09/15/93 4424 0.041 0.266 1.235 0.349 -0.12% -0.598  0.400° -0.027 -0.597  0.400° -0.027
Lithuania 01/03/00 2824 0.141 0.222 -0.249-0.989  -0.234 -0.009 -0.185 -0.286 -0.009 -0.185 -0.286
Ecuador 08/03/93 3086 -0.004 0.286 0.715 -0.223 -0.183 -2.6268"  -0.096 -0.397 -2.617  -0.086 -0.387
Botswana 01/03/96 3836 0.147 0.223 6.651 -0.299 0.004 6.650 -0.299 0.005 6.699 -0.278 -0.003
Malta 12/28/95 3837 0.080 0.158 0.626 0.028 0.231 0.554  0.030 0.080 0.554  0.030 0.080
Latvia 01/04/00 2811 0.115 0.274 -0.569-1.796  -0.228 0.521 -1.052  -0.106 0.52¢  -1.052  -0.105
Ghana 01/03/96 3830 -0.041 0.189 2.971-0.139 -0.390 2.94¢  -0.117 -0.393 2.940¢ -0.117 -0.393
Namibia 02/01/00 2791 0.067 0.204 0.¥75 -0.57%  -0.238 0.51%  -0.73F  -0.23% 0.633 -0.687  -0.27%
Estonia 06/04/96 3728 0.115 0.285 -0.880-0.612  -0.054 -0.183  -0.060 -0.026 -0.077  -0.003 -0.017

Table continued from previous page.
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Table 2: Conditional Quantile Estimates of 5 Portfolio Retuns

Estimated parameters of the MIDAS quantile regression oéagqn [4) for the 25th, 50th, and 75th quantiles of the watkl/eloped markets, emerging markets, US,
and China portfolio returnsp-values of the correspondirigiests are reported below the estimates. Fivalue forS is obtained using the Davies (1987) procedure
as described in AppendixIB. The Table also shows the undonditcoverage (Coverage), defined B8 {£4,,; < 0}], and thep-value of the hypothesis that it
equals the corresponding quantile. Finally, the last thoaes of each panel report thevalues of the-test for the slope coefficient in the regressionthift, on the
equally-weighted average of past 250-day retutf)s quared returns’(), and thep-value of the jointF'-test, all of which are based on Newey-West standard errors
with 250 lags. Panel A reports the results for the returreseyisso, Panel B for the GARCH(1,1)-filtered returag%o, and Panel C for the TARCH(1,1)-filtered

T
returnse; o5
World DM EM u.s. China
Panel A:qg’t(ﬁ’z\r;o)
0 0.25 0.50 0.75 0.25 0.50 0.75 0.25 0.50 0.75 0.25 0.50 0.75 0.25 0.50 0.75
9,250 0.124 0.007 0.055 0.097 0.000 0.043 0.000 0.000 0.046 0.069.0080 0.092 0.000 0.000 0.248
pal (0.000) (0.000) (0.000) (0.000) (1.000) (0.000) (1.000) .00D) (0.000) (0.000) (0.000) (0.000) (1.000) (1.000) 0QO)
Bo.250 -34.124 3.506 5.704 -30.725 4.180 7.096 -19.604 3.954 67.31 -27.572 2.337 1.742 -22.212  -6.766 -24.332
pual (0.011) (0.288) (0.083) (0.008) (0.232) (0.032) (0.163) .46B) (0.016) (0.040) (0.538) (0.722) (0.001) (0.135) @ap
K2,0,250 2.000 6.000 6.000 2.000 7.000 5.000 6.000 1.300 2.000 2.000.0007 75.000 1.100 1.200 1.500
Coverage (%) 25.003 50.020 75.010 24997 50.336 75.016 627.451.996 75.016 25.010 49.993 75.003 26.183 52.695 76.347
pual (1.000) (1.000) (1.000) (1.000) (1.000) (1.000) (0.668) .668) (0.668) (0.999) (0.999) (0.999) (0.661) (0.661) @Ap
pual (t') 0.780 0.742 0.492 0.951 0.630 0.452 0.232 0.089 0.022 0.846.5780 0.267 0.934 0.942 0.560
pual (") 0.100 0.959 0.961 0.111 0.966 0.894 0.011 0.219 0.738 0.356.9840 0.878 0.168 0.938 0.852
pval (") 0.083 0.919 0.676 0.132 0.830 0.533 0.025 0.121 0.072 0.427.7860 0.435 0.385 0.994 0.843
Panel Bigg, ¢ (c{550)

0 0.25 0.50 0.75 0.25 0.50 0.75 0.25 0.50 0.75 0.25 0.50 0.75 0.25 0.50 0.75
ap 250 0.933 0.168 0.191 0.771 0.162 0.165 0.291 0.077 0.284 0.373.1160 0.203 0.000 0.000 0.207
pual (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) .00@) (0.000) (0.000) (0.000) (0.000) (1.000) (1.000) QoY
Be,250 -142.555 -20.836 -10.557 -121.555 -20.658 -6.760 -64.948.084 -11.061 -67.241 -14.086 -12.463 -31.666 -8.936 T1B.7
pual (0.000) (0.000) (0.000) (0.000) (0.000) (0.022) (0.000) .082) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) Q@)
K2,0,250 1.300 1.020 1.010 1.300 1.110 1.010 1.400 1.000 6.000 1.130.0201 1.010 1.030 1.000 1.400
Coverage (%) 24,430 49.700 74.703 25537 49.783 75.043 124.950.007 74.713 25.102 49.822 74.884 25.352 50.665 75.873
pual (0.919 (0.919) (0.919) (0.923) (0.923) (0.923) (0.988) 988) (0.988) (0.987) (0.987) (0.987) (0.927) (0.927) (@P2
pval (t) 0.433 0.809 0.990 0.604 0.956 0.847 0.724 0.751 0.167 0.495.7120 0.370 0.811 0.852 0.952
pual (") 0.385 0.632 0.574 0.522 0.698 0.419 0.378 0.528 0.253 0.596.7400 0.470 0.019 0.085 0.701
pual (t") 0.635 0.891 0.827 0.798 0.873 0.480 0.648 0.799 0.217 0.775.7400 0.275 0.042 0.189 0.920
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Table 2 (Cont’d): Conditional Quantile Estimates of 5 Portfolio Returns

0

Qg 250
pval
Bo,250
pval
K2,0,250

Coverage (%)
pval

pual (t')
pval (t")
pval (")

World DM EM uU.s.

Panel Clqa,t(fgjzﬁo)

China

0.25 050  0.75 0.25 050  0.75 025 050 075 025 050 075 025 050 075
0.719 0160  0.189 0644 0162 0161 0.204  0.000  0.337 0.206.1460 0.249 0.000 0.000 0.184
(0.000)  (0.000) (0.000) (0.000)  (0.000) (0.000)  (0.000) .0(D) (0.000) (0.000)  (0.000) (0.000) (1.000) (1.000) QOY
112591 -19.461 -10.869  -103.709 -20.158 -6.494  -51.485224 -17.530  -43.924 -18.720 -18.592  -31.569 -8.564 -1D.18
(0.000)  (0.000) (0.000) (0.000)  (0.000) (0.033)  (0.000) .120) (0.000) (0.000)  (0.000) (0.000) (0.000) (0.009) 4@
1.070  1.020  1.010 1.020  1.110  1.010 1.180 10.000  1.190 1.000.110  1.060 1.000  1.000  1.010
24.683  49.633 74.797 24312 49.914 74.832  184.950.217 74.674 24.878 49.914 74.568 25.392 50.929 75.992
(0.958) (0.958) (0.958) (0.906) (0.906) (0.906)  (0.988) .988) (0.988) (0.984) (0.984) (0.984) (0.918) (0.918) (8P
0.134  0.601  0.783 0.158  0.811  0.957 0.804 0696  0.177 0.257.9420 0.579 0.720 0.849  0.947
0534 0594  0.795 0565 0529  0.670 0.371 0.713 0.518 0.875.7080 0.344 0.019 0.090  0.692
0.335 0792  0.920 0.376 0819 0.913 0.611 0.858  0.287 0.518.9180 0.516 0.044 0215 0917

Table continued from previous page.



Table 3: Summary Statistics of Conditional Asymmetry Estimates (C'A;)

Summary statistics of the daily series of 250-day robustsmesof conditional asymmetry’(4,) for the world (W), developed markets (DM), emerging masket
(EM), the US, and China (CHA). We also report averages aategsloped markets excluding the UBX/;) and across emerging markets excluding ChiBaf).
The left-hand side of the table reports means, standara@tigns (Std), minima (Min), maxima (Max), OLS coefficient anime trend (Trend). Superscriptsb,
and ¢ indicate statistical significance at the 10%, 5% and 1% Jewspectively, based on Newey-West standard errors withl&js. The right-hand side of the
table shows the correlation matrix of tiigd, series. Results are reported for simple returivs Panel A, for GARCH(1,1)-filtered return$” in Panel B, and for
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TARCH(1,1)-filtered returns” in Panel C.

Panel A:r
w DM EM US CHA DM, EM, w DM  EM US CHA DM, EM,
Mean -0.246 -0.265 -0.054 -0.160 -0.040 -0.124 -0.074 W 1
Std 0.278 0.236 0.088 0.273 0.057 0.117 0.138 DM 0.980 1
Min -0.755 -0.714 -0.302 -0.864 -0.225 -0.429 -0.521 EM 0.370.320 1
Max 0.861 0.503 0.183 0.455 0.182 0.305 0.276 us 0.820 0.8202890 1
Trend -0.026 -0.032 0.013 -0.027 0.001 -0.011 -0.022 CHA -0.342 -0.358 0.060 -0.394 1
DM; 0.021 0.041 -0.010 -0.001 -0.024 1
EM,; 0.072 0.075 0.163 0.061 0.044 0.012 1
Panel B¢
W DM EM us CHA DM; EM,; W DM EM us CHA DM, EM,;
Mean -0.171 -0.141 -0.136 -0.132 0.028 -0.086 -0.045 W 1
Std 0.233 0.157 0.063 0.117 0.026 0.091 0.105 DM 0.953 1
Min -0.483 -0.394 -0.316 -0.342 -0.048 -0.323 -0.321 EM @.400.346 1
Max 1.000 0.536 0.062 0.256 0.127 0.311 0.317 us 0.632 0.6822660 1
Trend -0.01% -0.018 0.003 -0.076 0.000 -0.006 -0.016 CHA -0.264 -0.316 0.186 -0.317 1
DM,; 0.230 0.231 0.155 0.138 -0.022 1
EM, 0.119 0.116 0.139 0.071 0.086 0.045 1
Panel C=T
W DM EM US CHA DM, EM, W DM  EM US CHA DM, EM,
Mean -0.188 -0.163 -0.086 -0.097 0.048 -0.075 -0.047 W 1
Std 0.214 0.152 0.081 0.070 0.026 0.092 0.104 DM 0.963 1
Min -0.421 -0.357 -0.305 -0.239 -0.028 -0.301 -0.313 EM @.400.345 1
Max 0.997 0.572 0.168 0.094 0.141 0.323 0.304 us 0.620 0.6621800 1
Trend -0.007 -0.010 0.008 0.000 0.001 -0.08 -0.019 CHA -0.324 -0.372 0.229 -0.429 1
DM,; 0.203 0.206 0.087 0.102 -0.066 1
EM, 0.171 0.164 0.149 0.097 0.056 0.053 1
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Table 4: Relation between Country Conditional Asymmetry ard World Conditional Asymmetry

Estimates of regressiohl(8) for each portfoli@’si; ; on the asymmetry of the world portfolic; Ay;. Results are shown for developed markets (DM), emerging
markets (EM), the US, and China (CHA). Average statistiegesgdeveloped markets excluding the US\;) and across emerging markets excluding China;)

are also reported. The left-hand side tableau of the Taplertethe OLS intercept{) and sloped,), thep-value of theirt-tests based on Newey-West standard errors
with 250 lags, and th&? statistic. The right-hand side tableau shows the cormelatiatrix of the estimated residuals. Results are repodethé returns seriesin
Panel A, for GARCH(1,1)-filtered return§’ in Panel B, and for TARCH(1,1)-filtered retura’ in Panel C.

Panel A:r
DM EM us CHA DM, EM, DM EM us CHA DM, EM,;
5o -0.059 -0.024 0.039 0.073 -0.108 -0.072 DM 1
pval (0.000) (0.106) (0.407) (0.459) (0.062) (0.086) EM -0.287 1
US 0.142 -0.046 1
5 0.833 0.119 0.805 -0.382 0.007 0.039 CHA -0.139 0.295 -0.2101

pval  (0.000) (0.002) (0.000) (0.073) (0.043) (0.228) DM, 0.137 -0.023 -0.036 -0.011 1

EM; 0.029 0.146 0.003 0.048 0.016 1

R? 0.960 0.144 0.673 0.117 0.294 0.112
Panel B¢
DM EM us CHA DM, EM; DM EM us CHA DM; FEM,;
do -0.032 -0.117 -0.077 0.052 -0.042 -0.028 DM 1
pval  (0.030) (0.000) (0.006) (0.000) (0.088) (0.091) EM 0162 1
us 0.350 0.010 1
01 0.640 0.110 0.319 -0.050 0.143 0.102 CHA -0.248 0.361 -0.2021

pval  (0.000) (0.000) (0.002) (0.123) (0.041) (0.161) DA, 0.032 0.074 -0.008 0.064 1
EM; 0.000 0.112 -0.024 0117 0019 1

R? 0.909 0.166 0.399 0.069 0.236 0.107
Panel C=T
DM EM us CHA DM, EM; DM EM us CHA DM; FEM,;
0o -0.035 -0.057 -0.059 0.041 -0.032 -0.025 DM 1
pval  (0.020) (0.000) (0.002) (0.000) (0.056) (0.094) EM -0201 1
us 0.319 -0.103 1
01 0.683 0.154 0.202 -0.062 0.126 0.125 CHA -0.248 0.424 -0.3091

pval  (0.000) (0.000) (0.004) (0.026) (0.080) (0.159) DA, 0.034 0.019 -0.032 0.036 1
EM; -0.017 0114 -0.029 0.119 0020 1
R? 0.927 0.166 0.384 0.105 0.206 0.104
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Table 5: Relation between Conditional Asymmetry and Conditonal Volatility

Summary statistics of regressidn (9) for each portfoli®s; ; on its 250-day conditional volatility. Results are showndeveloped markets (DM), emerging markets
(EM), the US, and China (CHA). Average statistics acrosbbped markets excluding the US{/;) and across emerging markets excluding ChiBaf;) are also
reported. The left-hand side tableau of the Table repoethS interceptdy) and slope {;), the p-value of theirt-tests based on Newey-West standard errors with
250 lags, and th&? statistic. The right-hand side tableau shows the coroelatiatrix of the estimated residuals. Results are repoateithé returns seriesin Panel

A, for GARCH(1,1)-filtered returns® in Panel B, and for TARCH(1,1)-filtered retura$ in Panel C.

Panel A:r
w DM EM us CHA DM, EM,; w DM EM us CHA DM; EM,;
Yo 0.634 0.538 0.256 0.815 1.283 -0.060 0.121 " 1
pval (0.027) (0.030) (0.000) (0.001) (0.000) (0.065) (0.095) DMO0.976 1
EM 0.244 0.219 1
T -6.825 -6.386 -1.826 -6.102 -3.332 -0.145 -1.022 us 0.76875%. 0.077 1
pval (0.002) (0.001) (0.000) (0.000) (0.000) (0.028) (0.101) ACHO0.019 0.011 -0.052 0.076 1
DM, -0.001 0.017 0.024 -0.034 -0.077 1
R? 0.282 0.329 0.609 0.357 0.851 0.327 0.265 EM; 0.008 0.005 0.068 0.000 -0.013 0.012 1
Panel B¢
W DM EM us CHA DM, EM,; w DM EM us CHA DM, EM,;
Yo 0.408 0.307 0.007 0.214 0.175 0.137 0.134 W 1
pual (0.064) (0.045) (0.803) (0.037) (0.000) (0.094) (0.075) DM0.947 1
EM 0.309 0.272 1
" -4,487 -3.567 -0.846 -2.168 -0.343 -0.899 -1.027 us 0.56361D. 0.141 1
pual (0.006) (0.002) (0.000) (0.000) (0.000) (0.014) (0.075) ACH-0.079 -0.091 -0.318 -0.036 1
DM, 0.194 0.190 0.167 0.078 -0.114 1
R? 0.173 0.233 0.250 0.243 0.422 0.206 0.229 EM; 0.062 0.053 0.080 0.027 -0.005 0.027 1
Panel C=T
W DM EM us CHA DM, FEM; W DM EM us CHA DM, EM;
Yo 0.242 0.162 0.096 0.072 0.159 0.124 0.119 " 1
pval (0.207) (0.231) (0.030) (0.216) (0.000) (0.079) (0.067) DM0.960 1
EM 0.320 0.275 1
T -3.329 -2.589 -1.074 -1.062 -0.321 -0.769 -0.941 us 0.57762D. 0.057 1
pual (0.016) (0.010) (0.000) (0.002) (0.000) (0.053) (0.057) ACH-0.085 -0.084 -0.161 -0.028 1

DM; 0191 0.189 0.102 0.069 -0.048 1
R? 0.113  0.130 0.245 0.165 0.434 0.167 0.220 EM; 0111 0.105 0.094 0.047 0.017 0.030 1




Table 6: Financial and Economic Determinants of ConditionAAsymmetry

OLS estimates for pooled regressign](10). The conditiosginmetry of deTARCHed returns is regressed on the
conditional volatility of the stock marke¥{OL), the log of the ratio between the stock market capitaliratind the
nominal GDP £/GDP), the log of turnoverTU RN) and of the number of companies listedd ¢ O M P), the rela-

tive bid-ask spread as defined in Roll (1984Y()), the short-term interest raté& 81 L L), the Term Spreadl(SPR),

real GDP growth GDPg) and its volatility measured on the last three years of thartguly series@G@ D Po). The
regressions include a constant and a time trend. All vazgabte sampled at annual frequency. Below the estimates,
two p-values are reported based on standard errors calculaitegl the standard OLS formula (round brackets) or
clustered by year (square brackets). N denotes the totabeuaf available observations for each specification.

World Developed Markets Emerging Markets
@) (2 3 @) &) ®3) () &) 3
VOL -0.358 -0.374 -0.394 -0.478 -0.432 -0.250 -0.384 -0.379  56D.

(0.000)  (0.000)  (0.003)  (0.001)  (0.025)  (0.194)  (0.000) .0QD)  (0.002)
[0.000]  [0.000]  [0.000]  [0.000]  [0.023]  [0.342]  [0.000]  f@OO]  [0.001]

E/GDP -0.008 -0.043 -0.078 -0.126 0.019 0.011
(0.189)  (0.000) (0.000)  (0.000) (0.004)  (0.347)
[0.175]  [0.000] [0.000]  [0.000] [0.001]  [0.283]
TURN 0.007 0.017 -0.011 -0.048 0.014 0.050
(0.203)  (0.047) (0.515)  (0.009) (0.019)  (0.000)
[0.239]  [0.001] [0.477]  [0.000] [0.028]  [0.000]
NCOMP -0.003 -0.003 0.018 0.015 -0.007 -0.024
(0.543)  (0.577) (0.015)  (0.094) (0.193)  (0.010)
[0.494]  [0.336] [0.000]  [0.005] [0.221]  [0.000]
LIQ 1.108 -0.937 1.479 2.844 1.313 -1.080
(0.227)  (0.583) (0.545)  (0.297) (0.178)  (0.604)
[0.291]  [0.667] [0.533]  [0.255] [0.270]  [0.628]
TBILL 0.212 -1.846 0.438
(0.419) (0.001) (0.180)
[0.344] [0.000] [0.212]
TSPR 1.023 -1.492 1.054
(0.008) (0.117) (0.012)
[0.001] [0.026] [0.005]
GDPyg 0.701 1.677 0.214
(0.001) (0.000) (0.425)
[0.000] [0.000] [0.311]
GDPo -0.268 -0.665 -0.224
(0.098) (0.007) (0.297)
[0.036] [0.000] [0.070]
R? 0.032 0.039 0.092 0.036 0.124 0.224 0.044 0.072 0.170
N 1535 1273 685 602 423 389 933 850 296
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Table 7: International Portfolio Allocation

Estimates of the portfolio policy in equatidn {11) with thenditional asymmetry measure and other annual countrgifépeharacteristics. The portfolio policy is
estimated by maximizing the sample analogue of the exp@ciedr utility with relative risk aversion = 5 (columns 1-4);y = 3 (columns 9-12), and = 7 (columns
13-16). Columns 5-8 report the estimate with= 5 when excluding 2008 return data. Columns labeled (VW) digphe benchmark results of value-weighted
weights without any conditioning information. Specificati(1) reports the results with tli@A measure; in specification (2), the estimated annual vityati O L) is
added:; in specification (3), the orthogonal componenis & D P andG D Pg with respect taC' A, denoted withZ /G D P+ andGDPg*, are added. We use annual
data for all available countries during the 1981-2010 mkripvalues are reported in parenthesis below the coefficiehifs.denotes the-value of the likelihood
ratio test under the null that all coefficients are equal tozRoww$ 4, displays the average weight placed on the EM countries imtktiee strategy away from the
value-weighted portfolioy4, andr4, are the returns attributable to the CA variable, ad:4,, 754,) is the correlation between these returns. The following
four rows display the same measures but for the entire girafehe last four rows report the average of the total padfi@turn, its standard deviation, the certainty
equivalent of the strategy, and the beta of the strategyneithect to the value-weighted portfolio.

Full sampley =5 Sample ex-2008y = 5 Full sampley = 3 Full sample;y =7

vw) @) &) 3 vw) @) ) 3 vw) (@) &) 3 vw) @) ) G
CA 4677 4261  6.449 3.687 3589 5.877 5.717  5.525 9.265 4.3737993 5.322
pual (0.000) (0.000) (0.001) (0.005) (0.006) (0.004) (0.001) .003) (0.004) (0.000) (0.000) (0.000)
VOL -1.134  -0.343 -0.937  -0.380 -1.104  0.002 -1.177  -0.492
pval (0.019) (0.568) (0.052) (0.510) (0.149) (0.998) (0.002) .27a)
E/GDP* -6.617 -5.945 -10.332 -5.104
pval (0.048) (0.074) (0.054) (0.040)
GDPg*+ 9.110 8.271 14.687 6.830
pval (0.002) (0.004) (0.002) (0.001)
LR 0.000 0.000 0.000 0.010 0.000 0.000 0.000  0.000 0.000 0.0000000 0.000
wSl (%) 6.505 5.926  8.796 4334 4218 6.746 7.951 7.683 12.636 0826. 5.283  7.259
r&a 0.053 0.048 0.075 0.048 0.047 0.079 0.064  0.062 0.108 0.0490430 0.062
S 0.029 0.027 0.042 0.006 0.006 0.011 0.036 0.034 0.060 0.027.0240 0.034
p(rSa, rSa) -0.469 -0.469 -0.486 -0.372  -0.372  -0.390 -0.469 -0.469 486. -0.469 -0.469 -0.486
wem (%) 9.162 15691 15.112 17.958 8.825 13.184 13.068 15.571 1629. 17.137 16.869 21.798 9.162 15.268 14.469 16.421
rEM 0.007 0.060 0.036 0.099 0.013 0.061 0.036 0.115 0.007 0.0710510 0.155 0.007 0.056 0.030 0.076
rDM 0.080 0.110 0.132 0.186 0.097 0.104 0.127 0.153 0.080 0.1161390 0.231 0.080 0.108 0.130 0.167
p(rem,rpnm) 0596  -0.355 -0.577 -0.643 0.364 -0.308 -0.588 -0.532 0.596.418 -0.561 -0.667 0.596 -0.330 -0.586 -0.622
T 0.087 0.169 0.168 0.284 0.110 0.165 0.163 0.268 0.087 0.1881900 0.386 0.087 0.164 0.160  0.243
o(r) 0.200 0.219 0.195 0.272 0.157 0.192 0.176  0.257 0.200  0.2432290 0.400 0.200 0.213 0.185 0.226
CE(r) -0.157 0.076  0.103  0.167 0.044 0.092 0.110 0.163 -0.018 60.110.131 0.227 -0.290 0.045 0.084 0.137

Jé] - 0.656 0.380 0.379 - 0.859 0.567 0.688 - 0.579 0.295 0.226 - 678. 0.402 0.437




Table C.1: Financial and Economic Determinants — Summary SHtistics

The entries are summary statistics of economic and finaseids used to relate to conditional asymmetry. The
financial variables are the 250-day conditional volatibfya country’s stock markefi{O L), a measure of liquidity
(LIQ), log turnover TU RN), the log of a country’s stock market relative to its nomi@P (E/GDP), the log

of the number of companies listed in the Exchantyg”(O M P), a short-term interbank or government bond yield
(TBILL)and the spread between a long-term and the short-termirate R), the growth rate of real GDRAD Pg)

and the annualized volatility of quarterly real GDP growth/{Ps). The summary statistics are calculated for the
whole universe of countries in Panel A, and then separatelipéveloped Markets (Panel B) and Emerging Markets
(Panel C). On the left hand side of the Table, we show the €sestional average (Avg) and standard deviation (Std)
of each variable’s time series Mean and Standard Devia@nthe right hand side of the Table, average time series
correlations between the variables are displayed.

Panel A: World
Mean Standard Deviation Correlations

Avg Std Mean Std CA VOL E/GDP TURN NCOMP LIQ TBILL TSPR GDPg GDPo
CA -0.082 0.150 0.140 0.090 1 -0152 -0.074 -0.099 -0.037 0.115.049 0.142 -0.013 -0.097
VOL 0.244 0.075 0.040 0.024 1 -0.105 0.187 0.011 -0.421  0.090 1020. -0.096 0.163
E/GDP -1.406 0.913 0.841 0.424 1 0.308 0.371 0.140  -0.495 0.046 990.1 -0.269
TURN 3.323 1.051 0.689 0.335 1 0.186 -0.124  -0.224 0.081  0.142 1020.
NCOMP 5.222 1.353 0.444 0.418 1 0.037  -0.194 0.040 0.013 -0.184
LIQ -0.009 0.004 0.006 0.003 1 -0.187 0.051 0.089  -0.229
TBILL 0.136 0.152 0.125 0.262 1 -0.523 -0.048 0.125
TSPR 0.004 0.021 0.027 0.035 1 -0.102  0.018
GDPyg 0.033 0.019 0.038 0.021 1 -0.292
GDPo 0.103 0.048 0.042 0.044 1

Panel B: Developed Markets

Mean Standard Deviation Correlations

Avg Std Mean Std CA VOL E/GDP TURN NCOMP LIQ TBILL TSPR GDPg GDPo
CA -0.108 0.153 0.134 0.077 1 -0.020 -0.151 -0.061 -0.107 0.038.026 0.111  -0.027 -0.044
VOL 0.208 0.033 0.039 0.013 1 -0.041 0.310 0.081 -0.487 -0.106 .0020 -0.174  0.069
E/GD -0.729 0.717 0.737 0.211 1 0.508 0.418 0.122  -0.631 0.056 820.1 -0.388
TURN 4.146 0.380 0.543 0.189 1 0.320 -0.141  -0.519 0.149  0.010 2460.
NCOMP 5.976 1.333 0.301 0.215 1 0.088  -0.267 0.069  0.047 -0.178
LIQ -0.007 0.001 0.004 0.002 1 -0.100 0.076 0.078  -0.180
TBILL 0.065 0.022 0.040 0.014 1 -0.612  0.167 0.301
TSPR 0.007 0.006 0.016 0.005 1 -0.229  -0.095
GDPg 0.027 0.013 0.024 0.009 1 -0.238
GDPo 0.096 0.037 0.027 0.010 1

Panel C: Emerging Markets

Mean Standard Deviation Correlations

Avg Std Mean Std CA VOL E/GDP TURN NCOMP LIQ TBILL TSPR GDPg GDPo
CA -0.072 0.149 0.142 0.095 1 -0.206 -0.042 -0.115 -0.008 0.14€0.080 0.160 -0.008 -0.128
VOL 0.258 0.082 0.040 0.027 1 -0.130 0.136 -0.018 -0.395  0.170 .1610 -0.064 0.218
E/GDP -1.680 0.843 0.883 0.480 1 0.225 0.351 0.147  -0.441 0.041 060.2 -0.200
TURN 2.985 1.053 0.749 0.364 1 0.131 -0.118  -0.103 0.041  0.197 0190.
NCOMP 4911 1.246 0.503 0.466 1 0.015 -0.164 0.023 -0.001 -0.187
LIQ -0.010 0.004 0.006 0.003 1 -0.222 0.037 0.093  -0.258
TBILL 0.165 0.172 0.159 0.305 1 -0.472 -0.135 0.023
TSPR 0.001 0.026 0.034 0.042 1 -0.029  0.112
GDPg 0.035 0.020 0.044 0.021 1 -0.324
GDPo 0.107 0.054 0.051 0.054 1
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Figure 1: Rolling Estimates of Skewness and Robust Asymmaer
Rolling moment-based skewne$sr;) = E (r, — u)® /o and rolling robust asymmett A4 () measure:

(g6 (rt) = qo.50 (rt)) — (qo.50 (1) — q1-p (1))
Rds (rt) B do (Tt) —dqi1-9 (Tt)

using rolling sample quantiles for the developed marketdlY@nd emerging markets (EM) portfolios based on a 250-ddingowindow. Estimates of5 (r;),

RAy.g5 (r¢) (8 = 0.95), andR Ay 75 (r+) (6 = 0.75) are displayed in the left-hand-side, middle, and right¢haide plots, respectively. Simple and TARCH-filtered
returns are used in the estimation of the top and bottom,gledpectively.
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Figure 2: Conditional Quantile Estimates of Annual Returns Developed and Emerging Mar-
kets

Estimated 25th, 50th, and 75th conditional quantiles oktgved (top panel) and emerging markets (bottom) annual
portfolio returns. The quantiles are produced with paramestimates from Tablé 2. Each plot displays the quantiles
of simple (solid lines) and TARCH-filtered (dashed linedyras.
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Figure 3: Conditional Asymmetry C' A,: Developed and Emerging Markets

Estimated conditional robust measure of asymmetry,, as defined in equatiofl(2, for developed and emerging
markets portfolios. The plots are based on the conditionahtjles estimates in Figufé 2. The top (bottom) plot
displays the results for simple (TARCH-filtered) annualiras.
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Figure 4: Weights on Daily Absolute Returns in Quantile MIDAS Regressions

MIDAS 25th, 50th, and 75th quantile regression weights ef 260-day lagged absolute returns for the developed
markets (top plot) and emerging markets (bottom plot).Hoies display the weights for simple returns, while dotted
lines refer to TARCH-filtered returns.
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Figure 5: Correlations betweenC' A, ;s for DM and EM Portfolios for Different 6s

The plot displays the correlation between &hd, ;s of the DM and EM portfolios for a grid df values ranging from
0.55 to 0.95, where for each portfolio return:

(%,t (Tt,n) — 40.50,¢ (Tt,n)) - (qO.SO,t (T’t,n) —q1-0,t (T’t,n))

CAG T =
t ( t,n) qo.t (Tt,n) —q1-06,t (Tt,n)

The three plots display results for annual simple eGARCHed £{;), and deTARCHed«(r) returns, respectively.

T T T
3
|
0.55 0.6 0.65 0.7 0.75 08 0.85 09 0.95
6
8G
T T
& 04f o— 6 o -
3 0.3 D
<D
S o2r .
o 0.1 -
&)
0 | | | | | | |
0.55 0.6 0.65 0.7 0.75 08 0.85 0.9 0.95
0
eT
T
Z04r 1
® o———o—*© >
<D
5 o2f .
o 0.1 -
o
0 | | | | | | |
0.55 0.6 0.65 0.7 0.75 08 0.85 0.9 0.95

64



Figure 6: Rolling Estimates of Correlations, Volatility and Robust Asymmetry Measures

The top plot displays a rolling correlation between dailyR@H-filtered returns of developed and emerging markets
portfolios, based on a 250-day window. The middle plot shdwes corresponding daily TARCH volatilities of
developed (solid line) and emerging (dotted line) marketfpbo returns. The last plot displays the robust asymmetr
RA between daily TARCH-filtered returns of developed and emmgrmarkets portfolios, based on a 250-day window.
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