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Abstract
The objective of this article is to explain the hoilmas phenomenon in international asset holdings
from an investigation of intraday jumps and cojumidée hypothesize that global investors will
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index-based data for equity traded funds, we pe@ddence of significant systematic jump risks in
international markets that drive investors to redtie proportion of foreign assets in their diviggdi
portfolios. Considering the composition of the ol portfolio in the sense of mean-variance and
mean-CVaR approaches, we provide evidence of dimegarrelation between the demand of foreign
assets and the number of cojumps between domestifoeeign assets.
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1. Introduction

This paper contributes to the international honses lpuzzle literature by examining whether
jump and cojump risks explain a part of this pheaoan. It is well established in the finance
literature that price discontinuities or jumps ddobe taken into account when studying
assets price dynamicBds and Uppal, 2004The recent development of non-parametric jump
identification tests has supported the hypothes$igumps in financial asset prices. The
seminal works in this area include Barndorff-Nielsend Shephard (2004, 2006) who test for
the presence of jumps at the daily level using mmessof bipower variation. The same family
of within-day jump identification procedures incasl the tests developed by Jiang and
Oomen (2008), Andersen et al. (2009), Corsi ef24110), Podolskij and Ziggel (2010), and
Christensen et al. (2011). Andersen et al. (208B0) and Lee and Mykland (2008) (LM)
have developed techniques to identify intraday jsmging high frequency data. All of these
jump detection techniques provide empirical evidemt favor of the presence of price
discontinuities or jumps.

More recently, researchers are interested in stgdgojumps between assets (see
Dungey et al., 2009; Lahaye et al., 2010; Dungeay ldnozdyk, 2012; Pukthuanthong and
Roll, 2014). For instance, Gilder et al. (2012) rex# the frequency of cojumps between
individual stocks and the market portfolio and fithcht there is a tendency for a relatively
large number of stocks to be involved in systemeaticmps. Lahaye et al. (2010) study the
relationship between asset cojumps and macroecaen@mnouncements and find that
cojumps are partially associated to new macroecan@mnouncements. Ait-Sahalia et al
(2014) develop a multivariate Hawkes jump-diffusimodel to capture jumps propagation
over time and across markets and provide strondeece for jumps to arrive in clusters
within the same market and to propagate to othetdwnarkets. Bormetti et al. (2013) find
that Hawkes one factor model is more suitable fmwa the high synchronization of jumps
across assets than the multivariate Hawkes model.

The contribution of our paper is to study theowdhc and empirically cojumps
between international equity indices and their iotpan international portfolio allocation.
Modern portfolio theory (MPT) suggests that inteioaal diversification is an efficient tool
to minimize portfolio risks given that internatidressets are often less correlated and driven
by different economic factors. However, one migkpext that systematic cojumps will lead
to an increase of the correlation between thesernational assets and thus will affect

negatively the benefit from international diversifiion. On the other side, price jumps may
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not be systematic and can be specific to a paatiamarket. In fact, jumps could partly be
explained by asset-specific events and thus ureatece from market movement. This
category of jumps is classified as idiosyncratims.

From basic portfolio theory, a risk-averse investtio holds an international portfolio
is then exposed to two types of jump risks: systemjamp risk (jumps common to all
markets or cojumps) and idiosyncratic jump riskm(ps specific to one market). If his
portfolio is well diversified, the idiosyncratic mp risk will be reduced or even eliminated.
However, the systematic jump risk will persist aadild not be eliminated by diversification.
Therefore, an attention has to be paid to systemainp risk. First, the identification of
systematic jumps is important for pricing financiaktruments, hedging portfolios, and
performing assets allocation. Second, it is alsipfbeto measure the contribution of the
systematic jump risk to the global portfolio rigkis measure represents a good risk indicator
for investors when selecting the composition ofrtpertfolios among all available assets.

In this paper, we examine two hypotheses. The fiosits that international equity
indices have tendency to be involved in cojumps apart of jump risk is rather systematic.
The second posits that the systematic jump riskidcaxplain a part of the lack of
international portfolio diversification - home biasobserved in equity financial markets.
Introducing the systematic cojumps risk betweererimdtional equity indices, we would
expect an increase of the correlation between tlessets and thus a decrease of the
diversification benefit. As a result, investors Wbprefer to invest more in domestic assets.

We restrict our empirical investigation to threg¢emmational funds SPY, EFA, and
EEM, which respectively aim to capture the perfanoeof three equity indices: S&P 500,
MSCI EAFE index and MSCI Emerging Markets indic8&P 500 index is used as a proxy
for the US market. MSCI EAFE index is our benchmfarkdeveloped markets, excluding the
US and Canada whereas the MSCI Emerging Markeaisdd to capture the performance of
emerging equity markets. Our study is based on figduency intraday returns of the three
funds. We apply the technique proposed by Andertenl. (2007) (ABD) and Lee and
Mykland (2008) (LM) to identify all intraday jumpand cojumps of the three funds from
January 2008 to October 2013. We capture the tlostering features of intraday jumps and
the dynamics of their propagation across marketsgyus bivariate Hawkes model. Based on
the theoretical framework developed by Todorov &udlerslev (2010), we estimate the
sensitivity of three equity indices returns towatks systematic market diffusive and jump
risks and show the evidence that jump risk is raslygstematic and could not be eliminated by

diversification. To study the impact of systematimps on international portfolio allocation
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(second hypothesis), we consider a domestic rigksavinvestor who selects the portfolio
composition based on one domestic asset and tveigfolassets to minimize the portfolio
risk, while requiring a minimum expected return. iAgestors are concerned about negative
movements of asset returns, we take the risk ofemd events into account using the
Conditional Value at Risk CVaR (Rockafellar and &sgv (2000)) as a risk measure in our
portfolio allocation problem. Contrary to the stardl mean-variance approach, which
underestimates the risk of large movements of assains, the mean-CVaR approach allows
us to provide a fairly accurate estimate of the mide risk induced by systematic negative
jumps of asset returns. Determining the composiiotie optimal portfolio, we analyze how
jumps and cojumps affect the demand of the invefsioidomestic and foreign assets and
show the evidence of a strong negative correldtetwveen the demand of foreign assets and
the intensity of cojumps between the domestic aneign assets.

This paper is organized as follows. Section 2 shices the jump and cojump
identification techniques used in our study. Sect® introduces the portfolio allocation
problem in mean-variance and mean-CVaR framew@&@#&stion 4 describes our data. Section
5 discusses our main empirical findings on cojulips international asset allocation. Section

6 concludes.

2. Jump and cojump detection methodology

2.1. Jump test statistics

This section outlines the theoretical backgrounglofp identification techniques. To explain
the basic idea behind these jump detection proesduve begin for pedagogic reasons with
the traditional Barndorff-Nielsen and Shephard @®D06) test, which is initially applied to
determine if a day (or a given time window) congaamice jumps.

Barndorff-Nielsen and Shephard develop a non-parangmp test based on two
measures of price variation: realized variance (BMJ bipower variation (BV). The first one
measures the variation in the prices coming frori lmontinuous and jump components of
the total price variation process while the seconé is jump robust and only measures

variation coming from the continuous part of theqass.



We assume that the logarithm of the price of aetapF can be generated by the following

jump-diffusion model (Merton 1976):

dp, = p,dt + oW, + k,dJ,,0<t<T

wherey,dt represents the time-varying drift componeriy, represents the time varying
volatility component of the asset price, aWdis a standard Brownian motiorx,dJ,
represents the time-varying jump component of ttoegss.«, stands for the size of jumps
and J,is a counting process independent4f. We consider M equidistant observations of

the logarithm of the price at day(pti . The ith intraday return of day t is then

)i =1..M
defined by:

= Pui ™ P 1=1M

The realized variation of the price at day t iculdted as following:

The realized variance converges to the integrataiance (IV) plus a jump component
(called also quadratic variation) as the samplnegudency of the price observations increases
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whereNt represents the number of within day jump at dagd B, jdenotes the magnitude

of jth jump at day t.



Barndorff-Nielsen and Shephard (2004, 2006) propas@gump robust measure of the

integrated variation called the bipower variati&vy.
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The bipower variation converges to the integratatdiwnce as the sampling frequency of the

price observations increased (- ) :
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Barndorff-Nielsen and Shephard use the differenetsvéen realized variance and bipower
variation to estimate the sum of jumps within a.d&4e consider the relative jump measure
defined by:

R, =— ——
t RV

It measures the contribution of jumps to the tat#éhin-day variation of the process. We also
introduce a modified form of BNS test statistic posed by Huang and Tauchen (2005) to
identify days with at least one jump. Huang andcham prove that this particular form of the
BNS test outperforms the other forms of BNS teglied in the financial literature in terms

of size and power. The test statistic of Huang Bawgchen (HT) is defined by:

where:



2 M

T\ M
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The null hypothesis of absence of jumps at daystasistically rejected with a probability of
1-aif:

-1
Zt - q)l—a

Wherecbl__la represents the inverse of the standard normal lativer distribution function

evaluated at a cumulative probabilityof a .

The previous tests (BNS or HT) are applied to daeitee if a day (or a given time
window) contains price jumps without providing fugt information about the number, the
time and the size of the jumps that occurs durigiyan time window. Thus, we need to use a
test statistic that will enable us to identify imliraday jumps for a given day and to determine
the occurrence time and the size of each jump.€elhez essentially two procedures in the
literature used to identify intraday jumps suchAaslersen et al. (2007, henceforth ABD) and
Lee and Mykland (2008, henceforth LM) tests whemhS or HT tests can only check for
the discontinuity of asset prices at a daily le¥éle LM and ABD intraday procedures use the
same test statistic but differ on the choice of ¢hécal value. ABD assumes that the test
statistic is asymptotically normal whereas LM podwvi critical value from the limit
distribution of the maximum of the test statistitoreover, Dumitru and Urga (2011) show
that intraday tests of LM and ABD outperform otlest procedures mainly if price volatility
is not high.

The LM test statistic compares the current assetrrewith the bipower variation

calculated over a moving window with a given numioérpreceding observations. The

statisticL, ; , which tests at time i whether there was a juromfi-1 to i is defined as:

where:



i-1

0F =25 Dl
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d,,is the realized bipower variation calculated for a window of K obsenatlt provides a

jump robust estimator of the instantaneous volatility. LMbkasize that the window size K

should be chosen in a way that the effect of jumps on the litgl&stimation disappears.

They suggest that it is appropriate to choose the windowKsbetween/252xM and 252
x M, whereM is the number of observations in a day. Under tiilehypothesis of absence of

jumps at anytime in (i-1i], the LM statistic is asptotically distributed as:

‘Lt,i‘_CM
L i g
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wheref has a cumulative distribution functioR(& < x) = expe™)

We introduceC,,and S, :

c = y2log(M)  log(m) +log(logM))
) c 2c,/2log(M)

—————andc=

c1/2Iog(M

The null hypothesis of absence of jumps at anytim(e 1,i] is rejected for a given
significance level if:

L |- ~log(-log-a)) * S, +C,

ABD provide a test statistic which is assumed tonbemally distributed in the absence of
jumps. A jump is detected with the ABD test on dlayintraday interval i when:



whereqa'lﬁ represents the inverse of the standard normalilative distribution function
1-=

evaluated at a cumulative probability of- i_ and@ - g)" =1-a ,wWherea

represents the daily significance level of the.test

To identify intraday jumps, we only apply the irdesy procedure of LM-ABD in our study. A
jump is detected with the LM-ABD test on day tmraday interval i when:

‘[t—’i‘ -6

Jt,i

The critical value@is calculated for different significance levels.rFe daily significance
level of 5% and a sampling frequency of 5 minutesich corresponds to 77 intraday returns
per day in our study, we obtain a critical valueaf0 using ABD method and 4.40 using LM
method. Following Bormetti and al. (2013), we takeritical value&d = 4. We will then study

different critical values (3, 4 and 5) to verifyethobustness of our results.
2.2. Cojump identification procedure

Financial assets can jump simultaneously and wehdalprice jump a cojump. To identify a
cojump in the prices of a pair of assets, we uswaastep procedure: we first identify the
intraday jumps of each asset using the LM-ABD meéthescribed in the previous section.

We then apply the following co-exceedance ruledt@ckt a cojump:

1: cojump
1 x1 = .
{(m,iw} {rw} 0:no cojump



A cojump in the prices of the pair of assets (nmisnfletected on day t in intraday interval i
when both assets jump at the same intraday tineevist
In our study, we distinguish between an idiosyncraimp of a single stock that

occurs independently of the market movement angistematic jump that happens at the
market level. As we limit our empirical study tarée international equity indices that cover
three different markets (US, developed countrieduekng US and emerging countries), a
jump is considered to be internationally systemiétice three indices jump simultaneously. If
only one or two indices are involved in an intragamp, this jump is not classified as an
international systematic jump. It is only considkmes systematic within its corresponding

market.

3. Portfolio allocation problem

We consider a risk-averse investor, who selectpbitfolio composition based on n assets:
one domestic risky asset and n-1 foreign riskytas¥ée suppose that all assets are expressed
in the investor's domestic money. The investorates funds across n assets in a way to
minimize the risk, while requiring a minimum expadtreturn.

We first consider the standard mean-variance (Mpfreach initially formulated by
Markowitz (1952). The Markowitz approach defines tisk as the variance of the portfolio

return. The MV portfolio optimization problem isrfoulated as follows :

min (W'Zw) (P1)
w

subject to :

Wk >(Qfork=1,...,n

e'w =1 (1)

U'w = (2)

where:

W = (W1’W2""’ Wn)’ is the vector of portfolio Weights,u = ('ul"uz""’ Iun)’ is the
mean vector of returns aﬁ—COV(I’i,I’k)]Si'k < S the variance-covariance matrix of

returns.e = (1,1,...,1)" denotes the vector of ones.
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The first constraint (1) is the budget constraifite second one (2) constrains portfolio's

expected return to be equal to a given vdlue The optimization problem (P1) can be

solved using quadratic programming techniques.

The MV approach is based on the first two momemtshe return distribution. It is
well established that if asset returns are northal,portfolio optimization problem could be
reduced to the mean-variance framework. Howevethéncase of non-normal returns, the
optimization problem depends on the preferencehefitvestor. If he only cares about the
mean and the variance of the portfolio, the MV feavork could be used to obtain the optimal
portfolio weights. However, in most cases, the whdistribution of the return should be
considered in the optimization problem. Moreovbke, variance, as a symmetric risk measure,
fails to differentiate between the upside and dosnsisks. The variance often leads to an
overestimation of the risk for positively skewedtdbution and an underestimation of the
risk for negatively skewed distribution. The vacarealso fails to estimate the risk of extreme
events (fat tail distribution): large losses asIwad large gains. As investors are more
concerned about negative movements of asset reitiissimportant to pay attention to the
downside risk when selecting portfolio assets.

The issue of the portfolio allocation under the imanmality of asset returns has been
widely studied and several alternatives to thedsaeh MV framework have been proposed
(see Guidolin and Timmermann (2003), Jondeau arckiRger (2006)). Both studies have
extended the MV framework to cover higher momeritasset returns by approximating the
expected utility using Taylor series expansionsréviecently, a particular attention has been
given to the downside risk in portfolio allocatiand several percentile risk measures have
been proposed as an alternative to the variande asid/alue at Risk VaR (see Basak and
Shapiro (2001), Gaivoronski and Pflug (1999)) aadditional Value at Risk CVaR, which is
also known as mean excess loss, mean shortfalgilovaR (see Rockafellar and Uryasev
(1999), Krokhmal, Palmquist, and Uryasev (2002)).

The VaR is an estimate of the upper percentileoss distribution. It is calculated for
specified confidence level over a certain periodirae. The VaR is widely used by financial
practitioners to manage and control risks; howeNgmnise in portfolio optimization remains
very limited. Indeed, the VaR has some undesirplperties (Artzner and al., 1997, 1999),
which affect its efficiency as a risk measure sashthe lack of sub-additivity implying that
VaR of a portfolio with two instruments may be ge¥ahan the sum of the individual VaRs

of these two instruments. Also, the VaR is usualiculated using scenarios. In this case,

11



VaR is non-convex and non-smooth and the optinorabtecomes very unstable and leads to
multiple local extrema.

Contrary to the VaR, the CVaR has more attractivanicial and mathematical
properties. It is sub-additive and convex (Rochkafeland Uryasev, 2000). It is also
considered as a coherent risk measure (Pflug, 200@)e sense of Artzner et al. (1997,
1999). The CVaR of a portfolio represents the comaial expectation of losses that exceeds
the VaR. This definition ensures that VaR is ndugher than the CvVaR. The CVaR and VaR
optimization problems often lead to similar optinpalrtfolio as both measures are linked by

definition.

The following describes the CVaR optimization aguto initially developed by Rockafellar
and Uryasev (2000).We first define the loss funttid a portfolio composed of N assets. It is

defined for a given vector of weights w by:
N

f(w,r)==> wr, =-wr
n=1

where r is the random vector of asset returns.

The probability of f (w,r) not exceeding a thresholdis given by:

Ww,a)= | p(r)dr

f(w,r)<a
wherep(r)is the density function of the vector of retufsigs a function ofa for a fixed

vector of weights w and represents the cumulatistibution function for the loss associated

with the vector of weights w.

We denotea;(w) and g, (w)as the values of the VaR and the CVaR of the lasstion

associated of w and a confidence leyl

a;(w)=min(la OR: W(w,a)= B)
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@)= (-8 [ fwr)p(r)dr

f(wr)zag(w)

Following Rockafellar and Uryasev (2000), we previtie expressiowﬁ(w) using the

function Fs defined as follows:
F(wa)=a+@- ﬁ)_lj[f (w,r) —a]" p(r)dr

whergx]" = max(x;0)

Rockafellar and Uryasev (2000) demonstrate FF);(W, a)is convex and continuously

differentiable as a function af . It is also related to the CVaR of the loss function by the

following formula:
¢s (w)= T‘]iQ(F/z (w.a ))

Rockafellar and Uryasev (2000) also prove that minimizigp) over all wO R is
equivalent to minimizingF,(w, ) over all (w,a) O R" x R.

min, 7 (W)=, i P (o)

To simplify the expression df;, we need to approximate the integral in the dediniofF,.

One possible solution is to generate a randomatalle of the vector of

returns(r O r@ ,...,r(q))and approximaté=; as the following:

Fy(w,a)=a+ q(li,é’) Z::[f (w,r ™) —a]+

Replacing the loss function by its expression gives
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Fy(wa)=a+ q(li,b’) iZ:[—V\/r“) —a]+

By introducing the auxiliary variable, , the minimizing oflzﬁis equivalent to the linear

equation:

q

1
ey P

i=1

subjectto:u, =20, u +wWr” +a>0 fori=1,...,q

If we add the budget and the expected target return constraintsefimeCVaR optimization

problem is given by:

: 1 d
mina + u (P2)
M - )
subject to : e'w:1,,u'W:,LT,Wk20f0rk:l,...,n

u=0, u+wr®+ag=0fori=1,..,q

The mean-CVaR optimization (P2) problem can be solved using lineagramming
techniques. We note that if asset returns are normally distrilamkdvith 8> 0.5, value of
the Mean-Variance and mean-CVaR approaches are equivalent and give theptarmak
portfolio weights (Rockafellar and Uryasev, 2000). In this paperapply both approaches to
determine the optimal portfolio composition and study howdégarture from the normality

caused by the presence of jumps affects the optimal portfolio composit

4. Data description

We use intraday data of three international exchange traded funds irenguirical
investigation: SPDR S&P 500 (SPY), iShares MSCI EAFE (ERBAY iShares MSCI
Emerging Markets (EEM). SPDR S&P 500 ETF aims to replicatgpénmrmance of S&P
500 index by holding a portfolio of the common stocks thatireskeided in index, with the

weight of each stock in the portfolio substantially corresponttiritbe weight of such stock in
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the index. The S&P 500 index is a US stock mankééx containing the stocks of 500 large-
Cap corporations, and thus a proxy for the wholestd8k market.

The iShares MSCI EAFE ETF aims to repéctte performance of the MSCI EAFE
index. The MSCI EAFE Index is a stock market indbat captures the stock market
performance of developed markets outside of the ®.€anada and thus a proxy for the
international equity. It includes Europe, Australiad Far East equity markets.

The iShares Emerging Markets ETF aimseigicate the performance of the MSCI
Emerging Markets index. The iShares Emerging Markedlex is a stock market index that
captures the stock market performance of emergiagkets. It covers over 800 securities
across 21 markets and represents approximatelyof 186rld market cap.

Our empirical analysis is based on intyagiaces of the three funds from January 2008
to October 2013. Prices are sampled every five taghfrom 9:30 to 15:55, to smooth the

impact of market microstructure noise.

5. Empirical findings

5.1. Intraday jump identification

This section summarizes the results from applyiMyABD intraday jump detection test. A
particular attention is given to the intraday vibitgt pattern (Rognlie, 2010 and Dumitru and
Urga, 2011), which can lead to spurious jump de&iect To ameliorate the robustness of our
jump detection procedure, we correct the intradalatility pattern using a jump robust
corrector proposed by Bollerslev and al. (2008)pé&mdix A provides a detailed description
of the volatility pattern corrector used in ourdstu

We estimate the realized bipower variation usingirdow of 155 intraday returns,
which corresponds to two days of intraday returmrm@ed at a frequency of five minutes.
Jumps are detected with a critical vadle= 4 (Bormetti and al., 2013yvhich means that the
intraday jump return size is at least four timesager than the estimate of the local volatility.
We also apply critical values of 3 and 5 to stualy tobustness of our results. In this section,
we only provide empirical results of LM-ABD jumpteetion procedure fof = 4 . Detailed
results ford = 3 and 5 are available upon request.

Table 1 provides the number of total, positive aedative intraday jumps detected
over the period of study. We respectively identifyl9, 1114 and 1024 intraday jumps for
SPY, EFA and EEM funds, which corresponds respelgtito 0.989%, 0.986% and 0.900%
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of the total number of intraday returns over theqakeof study. Thus, the number of detected
intraday jumps is slightly higher in developed nesk (US and EFA) than in emerging
markets. The difference between the number of datygumps identified within each region
of the world is in line with the previous resultsthe literature indicating that the degree of
comovement and integration is higher in developedkets than emerging ones. A positive
(negative) jump is a jump with positive (negativejurn. The results show the number of
negative jJumps is more than 56% of total numbedaitcted jumps for each fund, which is
slightly greater than positive ones. Stock marketsl to be more linked together when prices
are decreasing. Table 1 also shows basic statighost the distribution of intraday jump
returns. The mean of intraday jump returns of SRIY3€-04), which is in absolute value two
times higher than EFA and EEM (-2.5e-04 and -24e+@spectively) indicates that the
negative movements of intraday prices are morersdwee the US market during the period of
our study. The intraday jump return volatility igher for emerging markets (0.0058) than for
developed ones (around 0.0047). At a daily levabl& 2 shows the percentage number of
days with at least one intraday jump is around 40%e total number of days of the period
of study (1468 days) for three ETFs (Table 2).

Table 3 shows some statistics of detected cojuiMasfind that SPY and EFA funds
cojump 586 times over the period of study. Thisrespnts 52% of the total number of
detected jumps. The SPY and EEM funds cojump 5df@diover the same period. The
number of cojumps of EEM with SPY is slightly greato the cojumps with EFA (458),
which indicates that emerging equity markets areenioked to the U.S market than to other
developed markets covered by the EFA fund. Theetlfwads are involved in 366 cojumps
during the period of study. As for jumps, the numbé negative cojumps is higher than
positive cojumps for three funds. Table 4 presémsprobability to have at least one cojump
between SPY and EFA is 0.27 at a daily level. Hrsbability is lower for SPY and EEM
(0.23) or EFA and EEM (0.22). The probability toveathe three funds involved in a one
simultaneous jump or more is 0.18. Figures 2 asti@v the variation of the daily intensity
of jumps (JI) and cojumps (CJI) during the periodstudy. These time-varying jump
(cojump) intensities are calculated each day uaingling six-month window of observations

as follows:

) gy = e

———"2andCJl = !

days days

J =
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whereN__ .is the number of days of the observation period (@&ys in our case).

days

1{ }is an indicator function of jump occurrence for th&set n at the intraday interval |.

Jump

1{ }is an indicator function of cojump occurrence foe asset m and n at the intraday
Jump™ n Jump!

interval i.

We notice that the daily jump and cojump intensitleave increased significantly
during the financial crisis of 2008 — 2009 for tineee funds. There is a pattern that the US
market was the first to reach the peak of the jumensity during the crisis followed by
developed markets and then emerging markets. Tilengt evidence is during a peak in
January 2010, a drop in June 2012, and a jump gelber 2012. The US market seems to
be followed more closely by the developed mark&t®e emerging markets are the most
lagged from the other two. The results supportahidence found by Ait-Sahalia, Cacho-
Diaz, and Laeven (2014). Figure 3 shows the cojurtgnsity between the US and developed
market is highest, followed by the US and emergmagkets, and the developed market and
emerging markets. The intensity three markets jwmuultaneously is lowest. Overall, the
lead/lag of jumps is similar to pattern of lead/lagfinancial crisis. That is, the unusual
increase of the intraday jumps (both positive aadative) seems to be initially triggered in

the US markets and then propagated to other mark#éte world.
5.2. Time and space clustering of intraday jumps

We previously show that intraday jumps seem toniteally triggered in the US market and
then propagated to other markets in the world. paiern of intraday jumps also suggests
that jumps tend to appear in clusters within th@esaegion (Figure 4). Thus, It seems that
international intraday jumps have tendency to pgapaboth in time (in the same market) and
in space (across markets).This dependency betweencturrences of jumps that we observe
in the data cannot be reproduced by the standas$dtoProcess, which is on the contrary
based on the hypothesis of independence of thenremts, meaning that the numbers of
jumps on disjoint time intervals should be indepamd So we need to use an alternative
model to reproduce the time and space propagafi@sset jumps. We employ the Hawkes
process (Hawkes, 1971), which is a self-excitedipoiocess whose intensity depends on the
path followed by the point process. This processhieen applied in different sciences such as
seismology and neurology and more recently in fteafin modeling the trading activity, for
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example). To our knowledge, there are only two papehich have employed the Hawkes
processes to model the dynamics of asset jumpsamdial markets. Ait-Sahalia, Cacho-
Diaz, and Laeven (2014) are interested in captutimg patterns of contagion in the
international equity markets using a multivariatewes jump-diffusion model, but restrain
their empirical analysis to the daily data of majaternational equity indices. The Hawkes
processes were also applied in Bormetti et al. 32Q@ reproduce the time clustering of
jumps. However, they find that the extension of thawkes processes to a multi-asset
framework is inconsistent with data and insteadppse to use Hawkes factor models to
capture the cross-sectional dependencies of juiiipsy conduct their empirical study based
on the high frequency data of 20 high cap Italiaclss.

The following describes the Hawkes processatsviie use in the current paper to model
the dynamics of intraday jumps of the three inteomal equity funds. We first begin with the
univariate Hawkes process, which can be used tiu@the time clustering of intraday jumps

for one asset. The intensity process is defined by:
dA, = B(A, - A )dt + adN,

whereN, is the number of jumps occurring in the time ingrf0, t]. A jump occurrence at a
given time will increase the intensity, which inases the probability of another jump (self
excitation). The intensity increases lmywhenever a jump occurs, and then decays back

towards a leveld, at a spee@. These parameters can be estimated using the dnefho

maximum of likelihood. Given the jump arrival tintest,,...,t,, the likelihood function is

*r1tny
written as:

Lttt ) = —At + i%(e‘ﬂ“ﬁi) -1)+ Z log(A,, +aA(i)),

i=1 i=1

whereA(i) = Ze_ﬂ(t'_t') for i = 2and A(1) = 0. The details of the maximum likelihood

<t

estimation are provided in Ogata (1978) and OzZE&Y9).

Now we consider the multidimensional frameworkle# Hawkes process defined by:

dA, = B8, (. - A, + Zn: a, dN iandj=1...n
=1
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Under this model, a jump in market j increases jtlmep intensity within the same

market bya; ; (self excitation) and cross markets i by, (cross excitation). Then the jump
intensity of market i reverts exponentially to dserage levell  at a spee@. In the

empirical analysis, we find that the numerical fegon of the multidimensional Hawkes
model in the case of three markets is problematithea number of parameters is too large to

estimate. So we restrain the calibration procettutbe bivariate model given by:

{d/]m = 131(/11,00 - /]1,t )dt + al,ldN e T al,ZdN 2.t
di,, = :32(/]2,«; - Ay, )dt +a,,dN, +a,,dN ,,

In this case we only have 8 parameters to estir@ate('/ilyw,/lzym BBy 05,0, ,,0,,, 0’2,2)-

Table 8 Panels A, B and C show the results of the maximwthidod estimation of
the bivariate Hawkes model for SPY/EFA, SPY/EEM and EFA/EEMpectively. We first
remark that the model parameters are all statistically significanyimgpthat the bivariate
Hawkes model fits the data of intraday jump occurrences of three flihdsvalues of the

parameters measuring the degree of self-excitatjganda , , are large. This result provides

clear evidence that the US market, developed markets (excluding the t®earging
markets are strongly self-excited meaning that the occurrence of agumpgiven time
increases the probability of other jumps within the same market.cdimparison between
three funds suggests that the self-excitation activity is highéndnUS market than other

markets. The values of the parameters anda,,, measuring the degree of transmission of

jumps between markets are relatively small compared to the self-excipatiameters. The
degree of transmission of jumps between markets seems to be asynwitbtréc stronger
transmission from the US market to developed markets ex-US (2.4 anfi3emerging
markets (2.23 e-03). The degree of the reverse transmission of jumpdeveioped markets
(1.79 e-03) or emerging markets (2.16 e-03) to the US market arecthlyistifferent from
zero but remains relatively small. The degree of transmissionngigudrom the developed
markets ex-US to emerging markets (2.58 e-03) is higher than thaefrerging markets to
developed markets ex-US (2.16 e-03).
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5.3. Systematic diffusive and jump risks

This section studies the contribution of intradasnps of asset prices to the total systematic
risk in equity markets. We have shown in previoastions that international equity markets
are characterized by a high level of synchronirabetween jumps as well as a high degree
of transmission of these jumps across markets. Suehnconnection between jumps will
increase the systematic jJump risk in the intermati@quity markets.

In the following, we briefly review théheoretical framework that we use to
disentangle and estimate the sensitivity towarddesyatic diffusive and jump risks in the
context of factor models. We first assume that ithteaday log-price processes for the

aggregate market index, denoteddgy, and the ith asset, denoted [y, follow general

continuous-time processes:

pO,t = aO,t dt + aO,tdwO,t + d‘] 0t

pi,t = ai,tdt + lgicao,tda)o,t + lgidd*]o,t + Ui,tdwl,t + d‘]i,t ,i=1l..n

wherew,, and @, denote independent standard Brownian motidysnd J; denote pure
jump processes for systematic market wide jumpsjamgps specific to asset i, respectively.
The two betas,Z°andB®, measure respectively asset i's sensitivities duticuous and

discontinuous movements of the market. Aggregathm individual asset processes over
multiple days [0; T] readily implies the linear tviactor relation for the T-day return on asset

i
n=a,+pBr, +lgidrod T &

whereg, is its drift term, andSand r{ are the continuous and the discontinuous partseof
market return, respectively. The idiosyncratic teamerm is defined similarly from the
temporally aggregated asset specific components.

Clearly, wheng® = B¢, this framework collapses back to the classimdsded one-

factor. Over the time interval [0;T], suppose thatet prices are observed at discrete time

T
grids mwhere m is the number of observations per one tim& and 7 = 1,...., mT,
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, , . r-1.r7|. ,
andAp,,= p ,-p ,,is the intraday return of asset i over tEem—;E} intraday time
ya h—

m

interval. Following Todorov and Bollerslev (201@)e may estimateZ®and B¢ using the
observed discrete intraday returns of the markdttha asset i{Ap,,,Ap, ,}over the period

[0; T

mT

Z |:(Ap| T + Apo,r )21

ﬁ c =1 {‘Api ,r+AP0,r‘S9|+0,r
i = mT )

Z (2ApOT) 1{ . }

—(Ap . -Ap, 1
} ( pI,T pO'T) {AprAp07<907}}

=1
and
mT ] 5 5
mT Z S gn{Apl ,rApO,r}(Api ,rApO,r )
,Bid - Sign{zSign{Api,rApO,r}(Api,rApO,r)z}x = mT 4
= > (ap,, )
=1
The indicator functionk , 1 and 1 are introduced to filter
omsossorlstuas | Llonsorior ] {lomorbasor

out jumps when calculating the continuous beta. ifit)|day jumps are detected using the
LM-ABD procedure for the three considered proces$ég market index is constructed by
attributing an equal weight to each fund. We fie gampling frequency of intraday returns
used in the estimation of the continuous and digscoous betas at 5 minutes, with returns
spanning from 9:35 am to 4:00 pm for each tradiang &Ve calculate both betas on a monthly
basis based on the data from the previous monthu{al617 intraday returns for each fund
per month). Figure 5 Panels A, B and C show théatian of the monthly continuous and
discontinuous betas respectively, of SPY, EFA aBMEWe find that the monthly estimated
betas (continuous and discontinuous) are statilsticaignificant for three funds. The
discontinuous betas are in average higher thanintamts betas for three funds. Both
diffusive and jump risks are significantly diffetefitom zero and thus they are systematic.
Moreover, market jumps seem to be more sensitiav@rage than continuous market moves.
These graphs also suggest that the continuous betakess dispersed than discontinuous
betas across time and funds. This result is coefirivy the values of the standard deviation of
continuous and discontinuous betas that we fingé&mh fund (detailed figures are reported in
21



Table 9). Figure 6 shows the autocorrelograms fifisive and jump betas averaged across
three funds. This figure suggests that the degfgeersistence of continuous beta is higher
than the discontinuous beta for at least the tinste orders of autocorrelation, which is
consistent with the evidence found by Barndorffisk@ and Shephard (2004, 2006),
Andersen et al. (2007), and Bollerslev et al. (3015

5.4. The impact of asset cojumps on optimal portfolio composition

This section studies the composition of the optimedrnational portfolio in MV and CVaR
frameworks and determines how the demand of fora@igsets varies in function of the
number of cojumps between domestic and foreigntastbe set of instruments to invest in is
composed of the three funds previously introdud®d.use weekly historical returns (a total
of 294 observations for each fund) to run the M &VaR optimization. The weekly returns
are calculated as the log difference of closinggwi The optimization procedure is performed
each week using a rolling window of about 50 weeldiurns (one year) that immediately
precede the optimization day.

We need to minimize the portfolio rigtandard deviation or CVaR) for a given level
of expected return to find the optimal portfolio iglgs. The composition of the optimal
portfolio is thus a function of the target expectetlirn. The set of optimal portfolios obtained
for different level of expected returns is callbéé efficient frontier. We choose to study one
particular portfolio from the efficient frontier @b maximizes the expected return per unit of
risk, known as the tangency portfolio. This poitiohas the advantage of being more
diversified than the global minimum risk portfolhich is often concentrated on assets that
minimize the risk of the portfolio. Figure 7 Panklshows the variation of the optimal
proportion of the foreign assets (EFA and EEM)NBf and CVaR approaches. The portfolio
is composed of one domestic asset (SPY fund) andfidveign assets (EFA and EEM). We
first remark that MV and CVaR approaches almodt leathe same portfolio compositions
during the period of study. Figure 7 Panels B arsli@gest standard deviation and CVaR are
thus equivalent risk measures when they are caémllasing our historical data. The figures
also show that the standard deviation or the CVialReodomestic asset (SPY) are often lower
than those of foreign funds (EFA and EEM). Indead, variability of foreign assets includes
both the changes of the stock prices and the egehiates.

Once the composition of the optimaltfmdio is determined, we will show how

cojumps between domestic and foreign assets affieet benefit from international
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diversification. Our hypothesis posits that a high&ensity of cojumps between domestic and
foreign assets leads to an increase of the caoeléetween these assets. The benefit from
internationally diversifying is thus reduced ancerdgfore, the domestic investor will be
encouraged to invest more on domestic assets. fifrmoour analysis, we first calculate the
correlation between the daily intensity of cojunapsl the optimal proportion of foreign assets
that we find using MV and CVaR approaches. The mmasults for the MV approach are
summarized in Table 1The correlation between the demand of foreign assed the daily
intensity of cojumps between the domestic asseY (Bfur study) and each of foreign assets
is negative. We find a correlation of -0.46 for ERAd -0.39 for EEM. If we take the cojumps
that involve the three funds, we find a negativera@ation of around -0.53, which indicates
that the proportion of foreign assets is more $mesio the cojumps that involve three funds
than the cojumps between two funds. The correlasamore negative for negative cojumps
than positive cojumps. The correlations between deenand of foreign assets and the
negative cojumps between SPY and EFA, SPY and Ed#i all three are -0.43, -0.41, and -
0.50 compared to -0.28, -0.17, and -0.22 for pesitojumps of the same pair. We also
perform a test of significance of the Pearson ¢ati with a null hypothesis of no
correlation present between two variables agamstl@rnative hypothesis that there is linear
correlation present. The correlation is statislycaignificant for positive, negative and all
markets cojumps, which supports the hypothesishef éxistence of negative correlation
between the number of cojumps between domestidaeiyn assets and the demand of the
foreign assets in the international portfolio comsigon.

The results thus far have indicated thatimpact of asset cojumps on the demand of
foreign assets differs from one asset to anotheedd, the proportion of foreign assets in the
portfolio seems to be more sensitive to the nunobéntraday cojumps of the domestic asset
with the fund that proxies the developed marketSAJE The proportion of foreign assets is
reduced the most when jumps in three markets atowltaneously.

We also study the relationship betwdwndaily intensity of cojumps and the optimal
demand of the foreign assets by performing a linegression. The objective is to determine
if the variation of the proportion of the foreigesats in the portfolio could be explained by
the variation of the number of assets cojumps. YWwyathe OLS to provide an estimate of
the regression coefficient. Table 11 summarizeséhalts of the linear regression. We find a
regression coefficient of -1.81 (-1.61 and -2.58spectively) when the daily intensity of

'The results of the CVaR approach are not presdrgeduse MV and CVAR approaches lead to almost the
same optimal portfolio composition. The resultsarailable upon request.
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cojumps between SPY/EFA (SPY/EEM and SPY/EFA/EMM)ised as explanatory variable.
All of these coefficients are statistically diffetefrom zero with the p-value inferior to e-11.
This means that if the average daily intensity@timps between SPY and EFA increases by
1%, the optimal proportion of the foreign assethf decrease by -1.81%. The cojumps that
involve the three funds have a greater effect asmarease of 1% of the daily intensity of
cojumps of three assets leads to a reduction 6B92.0f the proportion of foreign assets in
the portfolio.

6. Conclusions

In this paper, we study how asset jumps and cojuedfest the benefit from the international
diversification. Using a nonparametric intraday puitetection technique developed by Lee
and Mykland (LM) and Anderson et al. (ABD), we fititat international equity funds have
tendency to be involved in systematic cojumps. Wehér show that these jumps are
transmitted both in time (in the same market) andpgace (across markets). The high degree
of interconnection between jumps in equity markaiggests that the jump risk is rather
systematic and thus couldn't be eliminated by therdification. By disentangling and
estimating the sensitivity towards systematic d@iffe and jump risks, we show evidence that
systematic jump risk is significant and therebywdtidoe taken into consideration by investors
when selecting the composition of their portfolamsong all available assets.

Studying the link between the compositd the optimal international portfolio (in the
sense of Mean-Variance and Mean-CVaR approachdgharcojumps between domestic and
foreign assets, we find that a domestic invest@nisouraged to reduce the proportion of his
wealth invested in foreign assets when the numbecojumps increases. In fact, the
correlation of asset returns increases with thengity of cojumps and, by consequence, the
benefit from diversifying the portfolio abroad isteemely reduced when the cojumps of
international equity indices are frequent.

This work opens interesting perspectif@s future research. It would be of great
interest to broaden the scope of this study byuolioly a larger number of international equity
indices and studying the impact of asset cojumptherdemand of foreign assets for a larger
panel of countries. It is also interesting to sk¢he mechanisms of jumps transmission

studied in this paper are also valid for individoalntry markets.
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Appendix A: Intraday volatility pattern

It is widely documented (Wood et al. (1985) andri$af1986)) that intraday returns show a
systematic seasonality over the trading day, a#dled the U-shaped pattern. The intraday
volatility is particularly higher at the open artclose of the trading than the rest of the day.
To minimize the effects of intraday volatility oruojump detection test we modify our
procedure by rescaling intraday returns with a tddahajump robust corrector introduced by
Bollerslev and al (2008).

The rescalecft’i is defined by:

- i
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Table 1: Summary statistics of jump occurrences angump sizes
The number of total, positive (percentage) and tnggpercentage) detected jumps are
reported. The mean, standard deviation, skewnedskartosis of jump sizes are shown.

Results reported below are obtained using LM-ABBcpdure with a critical valug = 4 .

SPY EFA EEM
Intraday jumps 1119 1114 1024
Positive jumps 475 (42%) 495 (44%) 455 (44%)
Negative jumps 644 (58%) 619 (56%) 569 (56%)
Mean (jump return) -4.3e-04 -2.5e-04 -2.1e-04
Standard deviation 0.0048 0.0047 0.0058
Skewness -0.59 0.27 -0.006
Kurtosis 14.00 8.40 15.60

Table 2: Summary statistics of jump occurrences atlay level
The number of days with no jumps, one jump, andjtwaps up to more than 5 jumps are

reported. The last row shows the percentage of @éiisat least one jump.

SPY EFA EEM
0 843 843 879
1 357 365 353
2 139 147 128
3 75 50 60
4 30 37 26
5 12 13 9
More than 5 12 13 13
At least one jump 42% 42% 40%
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Table 3: Summary statistics of cojump occurrences

The number of total (percentage of cojumps comptarelde total number of detected jumps),
positive and negative detected co jumps between&@IYEFA (column 1), SPY and EEM
(column 2), EFA and EEM (column 3) and SPY, EFA &itM (column 4)are reported.

SPY /| EFA SPY/EEM EFA/EEM SPY/EFA/EEM
Intraday cojumps 586 (53%) 510 (50%) 458 (45%) 366 (36%)
Positive cojumps 242 203 193 144
Negative cojumps 343 306 265 221

Table 4: Summary statistics of cojump occurrencestalay level
The number of days with no cojumps, one cojump,dejamps up to more than 4 cojumps.

The last row shows the percentage of days withastlone cojump.

SPY/EFA SPY/EEM EFA/EEM SPY/EFA/EEM
0 1071 1130 1147 1208
1 282 233 233 193
2 70 61 57 39
3 27 28 19 20
4 12 11 6 5
More than 4 3 5 6 3
At least one cojump 27% 23% 22% 18%
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Table 5: Summary statistics of jump returns aggregted at day level
The mean, standard deviation, skewness and theskuidf the sum of intraday jump returns
for each day of our study period are reported. Wg take days with at least one intraday

jump to calculate these statistics.

SPY EFA EEM
Mean -7.7e-04 -4.4e-04 -4.0e-04
Standard deviation 0.0061 0.0059 0.0056
Skewness -0.28 0.82 0.97
Kurtosis 11.70 11.30 14.60

Table 6: Summary statistics of diffusive returns agregated at day level
The mean, standard deviation, skewness and thesksidf the sum of intraday diffusive
returns for each day of our study period are reggbVe also add the overnight return to the

sum of continuous movements of the price for eash d

SPY EFA EEM
Mean 5. 45e-04 1.75e-04 1. 07e-04
Standard deviation 0.015 0.018 0.024
Skewness -0.22 -0.06 0.11
Kurtosis 12.30 11.00 13.40

Table 7: Diffusive returns correlation matrix
The correlation matrix of diffusive returns of tliheee ETFs: SPY, EFA and EEM is shown.
Diffusive returns are calculated for each day asstim of intraday diffusive returns plus the

overnight return.

Diffusion component SPY EFA EEM
SPY —
EFA 0.89 —

EEM | 0.88 0.89 — |
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Table 8: Maximum likelihood estimation of the bivaiate Hawkes model

The table below shows the results of the maximudalihood estimation of the bivariate
Hawkes model for SPY/ EFA (panel A), SPY/EEM (paBgland EFA/EEM (panel C). The
values of the estimate, standard error, z- stat&sid p-value are reported for each parameter
of the bivariate model. ***, ** and * represent 10.percent, 1 percent and 5 percent

significance levels, respectively.

Panel A: SPY / EFA

Estimate Std. Error z value Pr(z)

- 1.6305e-03  6.4929e-05 25.1122 < 2.2e-16***
Ay 1.5445e-03 6.4217e-05 24.0505 < 2.2e-16 ***
B 4.2957e-02 5.2288e-03 8.2154 < 2.2e-16 ***
B, 1.9230e-02 1.6585e-03 11.5942 < 2.2e-16 ***
a,, 1.2004e-02 1.8520e-03 6.4816 9.074e-11 ***
a, 1.7864e-03 5.5554e-04 3.2156 0.001302 **
a,, 3.7166e-03 4.9845e-04 7.4563 8.896e-14 ***
Qs 2.4015e-03 4.6676e-04 5.1452  2.673e-07 ***

-2 log L: 31320.47
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Panel B: SPY/EEM

Estimate Std. Error z value Pr(z)

- 1.5452e-03 6.4580e-05 23.9268 < 2.2e-16***

200 1.4443e-03 6.3741e-05 22.6583 < 2.2e-16 ***
B 1.8364e-02 1.6053e-03 11.4395 < 2.2e-16 ***
B, 1.8342e-02 1.6588e-03 11.0573 < 2.2e-16 ***
a,, 4.0540e-03 5.3480e-04 7.5804 3.445e-14***
a, 2.1598e-03 4.6120e-04 4.6829 2.828e-06 ***
a,, 3.8814€03 5.5318e-04 7.0164 2.277e-12 ***
a,, 2.2278e-03 4.2694e-04 5.2181 1.808e-07 ***

-2 log L: 30228.68
Panel C: EFA/EEM
Estimate Std. Error z value Pr(z)

A 1.5471e-03 6.2625e-05 24.7045 < 2.2e-16***
A 1.4194e-03 6.2419e-05 22.7400 < 2.2e-16 ***

B 2.6309e-02 2.7030e-03 9.7335 < 2.2e-16 ***
B, 2.5798e-02 2.7876e-03 9.2544 < 2.2e-16 ***
a,, 4.0065e-03 5.2480e-04 7.6342 2.272e-14 ***
a, 2.1582e-03 4.7037e-04 4.5882 4.470e-06 ***
a,, 3.7661e-03 5.5861e-04 6.7418 1.564e-11 ***
a,, 2.5773e-03 4.4460e-04 5.7969 6.754e-09 ***

-2 log L: 30103.98
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Table 9: Summary statistics of continuous and disctinuous betas
The mean and the standard deviation (between dsgakkethe continuous and discontinuous

betas are reported. These betas are calculatedhiypdatring the period covered by our study.

SPY EFA EEM

0.935 0.926 1.126
Continuous beta (0.074) (0.099) (0.102)

0.967 0.967 1.123

Discontinuous beta (0.095) (0.112) (0.123)

Table 10: Pearson's product-moment correlation

The table provides the correlation between theydatlensity of cojumps and the optimal
proportion of the foreign assets (EFA+EEM) calcedatising the MV (CVaR) approach. It
shows results for all possible combinations of @disitive and negative cojumps between the

domestic asset and two foreign assets. It alsoigeethe results of the Pearson significance

test.

Estimate Confidence T-stat P-value

(Correlation) interval (95%)

SPY/EFA -0.46  [-0.55, -0.35] -8.00  4.95 e-14***
Positive SPY/EFA -0.28  [-0.39, -0.16] -4.56  7.87 e-06***
Negative SPY/EFA -0.43  [-0.53, -0.33] -7.53  9.93 e-13***
SPY/EEM -0.39  [-0.50, -0.29] -6.77  9.68 e-11***
Positive SPY/EEM -0.17  [-0.29, -0.05] -2.73 0.006**
Negative SPY/EEM -0.41  [-0.50, -0.29] -6.83  6.26 e-11***
SPY/EFA/EEM -0.53  [-0.62, -0.43] 9.76  <2.2 e-16***
Positive SPY/EFA/EEM -0.22  [-0.33, -0.09] -3.46 0.0006***
Negative SPY/EFA/EEM -0.50 [-0.59, -0.40] -8.96 <2.2 e-16***
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Table 11: Linear regression

The optimal demand of the foreign assets in thdistuportfolio is regressed on the number
of cojumps. The cojumps are between SPY and EFA, &Rl EEM, and SPY, EFA, and
EEM. Panels A, B, and C report the results for akgative, and positive cojumps,

respectively. *** ** and * represent 0.1 percetitpercent and 5 percent significance levels,
respectively.

Panel A: All cojumps

Coefficient Estimate St.dev T-stat P-value

SPY/EFA o 1.23 0.09 13.37 <2.2 e-16***
B -1.81 0.22 -8.00 4.9 e-14***

SPY/EEM o 1.06 0.08 12.60 <2.2 e-16***
-1.61 0.23 -6.70 9.7 e-117***

SPY/EFA/EEM o 1.15 0.06 16.90 <2.2 e-16***
B -2.59 0.26 -0.76  <2.2 e-16***
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Panel B: Negative cojumps

Negative Coefficient Estimate St.dev T-stat P-value
cojumps

SPY/EFA o 1.07 0.07 13.92 <2 e-16***

B -2.38 0.31 -7.53 9.9 e-13***

SPY/EEM a 0.92 0.06 1454 <2 e-16***

B -2.00 0.29 -6.84 6.2 e-11***

SPY/EFA/EEM a 0.91 0.04 18.95 <2 e-16***

-2.73 0.30 -8.96 <2 e-16***

Panel C: Positive cojumps

Positive cojumps  Coefficient Estimate St.de T-stat P-value
SPY/EFA a 0.86 0.08 10.69 < 2 e-16***
-2.21 0.48 -4.56 7.8 e-16***
SPY/EEM a 0.73 0.08 8.37 4.3e-15%**
-1.72 0.62 -2.73 0.006**
SPY/EFA/EEM a 0.77 0.08 9.65 2.52e-16***
B -2.72 0.78 -3.45 0.0006***
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Figure 1 : Volatity pattern corrector

This figure shows the variation of the volatilitytpern corrector during the trading hours
(from 9:30 AM to 15:55AM). The intraday volatilitg high at the opening and the closing of
the market with a remarkable jump around 10:00 AMich corresponds to the usual time of

announcements.
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EEM Volatility Corrector
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Figure 2 and 3: Jump and cojump occurences

These figures show the variation of the daily juama cojump intensities (see definition in
part 4.1) of the three funds from January 2008 tbofer 2013. These time-varying jump
intensities are obtained for a rolling six montm@dow of observations.
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Daily cojump intensity
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Figure 4: Time and space clustering of intraday jurps

This figure shows the arrival times of intraday psrof the three funds from April 2010
(574th day of the sample) to November 2010 (71athaf the sample).

& 8PY
* EFA
o EEM

A obobe Aod HBA AL & AH ob MABA M A oMM AAAL ch D A ABeb AN L 0 o0h o AMBASAOL o B &d oslodh

560 600 620 640 660 660 700

39



Figure 5: Systematic diffusive and jump risks

Panels A, B and C show the variation of the monttdntinuous and discontinuous betas

respectively, of SPY, EFA and EEM. See Sectionfér3the definition of continuous and
discontinuous betas.
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Figure 6 : Autocorrelograms of diffusive and jump ketas

The figure shows the autocorrelograms of the capotiis and discontinuous betas averaged
across three funds.
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Figure 7 : The variation of the optimal proportion of foreign assets

Panel A shows the variation of the optimal promortof the foreign assets (EFA and EEM)
for MV and CVaR approaches. The optimal portfolianposition is determined in a monthly
basis, using a one-year rolling window of weekliures. The portfolio is composed of one
domestic asset (SPY fund) and two foreign assdt# (Bhd EEM). Panel B and C presents
moving standard deviation and absolute value ofGN@R, respectively of SPY, EFA and
EEM.These variations are obtained for a rollingrsieanth window of daily returns.
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Panel B: Standard deviation of SPY, EFA and EEM
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