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coauthored with Bruno Gerard and Frans de Roon.
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Chapter 1

Introduction
This thesis consists of two parts. Part I concerns topics in international finance. In particular, it contains three chapters that examine international equity market comovements.

Part II of the thesis contains

a chapter

that investigates the impact of human capital on

asset pricing.

Since the early 1970's, the international finance literature provides ample evidence of
the substantial benefits that investors can derive from cross-border international diversi-

fication (e.g., Levy and Sarnat 1970, Lessard, 1973, Elton and Gruber, 1992, De Santis
and Gerard 1997). These benefits arise from imperfect correlations between national eq-

uity markets. However, in order to take full advantage of the diversification opportunities
afforded by international portfolios, a clear understanding is required of the comovements
between national equity markets and the factors driving international equity returns, such
as geographic and industry factors and currency risk.

Chapter 2 of this thesis investigates how international equity market comovements
evolve over time. While there is wide agreement that cross-country correlations are timevarying (e.g. Kaplanis, 1988, Longin and Solnik, 1995, Goetzmann, Li and Rouwenhorst,
2005), it remains a widely debated issue whether these correlations are increasing over
time.

A related important question is whether country returns are more affected by
In order to examine time variation in international

global, regional or local factors.

equity market comovements, Chapter 2 proposes two simple nonparametric measures
of time-varying market integration and correlation. The measures are based on crosssectional and time series return data over short horizons and can be easily calculated at a

monthly frequency for large cross-sections of countries. Country returns are decomposed
into global, regional and country-specific returns and the fraction of total risk due to
global factors is used as a yardstick for market integration. These two measures are
used to investigate time variation in cross-market linkages in a broad global sample of 24
1

2
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developed and 26 emerging markets from 1973 to 2005.

The results show that developed market comovements have significantly increased
over the last three decades. Monthly cross-country correlations in Europe and in Asia
Pacific, as well as cross-regional correlations across all developed market regions exhibit
significant upward time trends from 1973 to 2005. In addition, due to a decrease in
country and regional risk and an increase in the risk due to global factors, the developed
European and Asian Pacific markets have become increasingly integrated within world

markets. In sharp contrast, linkages between emerging markets have not increased. Crosscountry correlations between emerging markets either lack significant time trends (Eastern

Europe, Asia, Latin America) or exhibit downward sloping trends (Middle East/ Africa).
Cross-regional correlations between emerging market do not display significant time trends

either. Also, while global factors have supplanted regional factors as drivers of emerging
markets comovements, the impact of local factors has not diminished. Hence, while
emerging equity markets have taken a more global rather than regional nature over the
last decade, the aggregate degree of emerging markets integration into the world market
has not increased.

The increasing comovements between the developed equity markets negatively affect
the diversification potential of cross-country investment strategies confined to these mar-

kets. As

a result, an alternative

international investment strategy that allocates across

global or regional industries may become more attractive. This goes to the heart of the

country-industry debate, that has been ongoing in the international finance literature for
over 30 years (e.g. Lessard, 1974, Roll, 1992, Heston and Rouwenhorst, 1994, Griffin and

Karolyi, 1998). Chapter 3 investigates the relative importance of country and industry effects on international equity returns, but, in contrast to the large extant literature,
explicitly incorporates currency risk into the analysis. This chapter takes an investor's
perspective. It analyzes the diversification benefits from country- and global industrybased investment strategies, extended with currency deposits for the G7 countries over

the past 30 years. Chapter 3 proposes a new test for the difference in Sharpe ratios of two

portfolios. This test allows for a comparison of the relative efficiency of different portfolio
strategies.

The results show that with monthly rebalancing, industry-based managed portfolios

significantly outperform country-based managed portfolios. The maximum annualized
Sharpe ratios of the strategies are 1.78 versus 1.20. However, the outperformance of the
dynamic industry-based strategy critically depends on the ability to go short: with long-

1
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only constraints both strategies show similar Sharpe ratios (0.80 and 0.70 respectively).
Strikingly, under no short sale restrictions, adding managed currency deposits to either
industry- or country-based strategies nearly doubles their Sharpe ratios to 1.55 and 1.51.

Furthermore, a style analysis reveals that including currency as style portfolios significantly improves the ability to replicate the returns of international portfolio strategies.
These findings imply that currency deposits are crucial for achieving the full benefits from

international portfolio strategies. The benefits from adding currency strategies to equity
portfolios can arise both from positive expected excess returns on currency strategies and
from the hedging benefits of combining equities and currencies. The analysis further shows
that the gains from investing in currency deposits are persistent over time and that the
benefits from adding active currency strategies to dynamic international equity portfolios
are as high in recent years as in the preceding decades.

Due to the introduction of the Euro in 1999 and the accompanying monetary and economic convergence process, the results for the G7 countries that are presented in Chapter
3 may not apply to the Euro-zone countries. The Euro launch has effectively eliminated
all currency risk between the Euro-countries. De Santis and Gerard (1998) show that,

except for the US equity market, often a large share of the risk premium is a compensation for currency risk. Different exchange rate exposures across countries lead to varying
currency risk premiums, and may result in lower cross-country correlations. Conversely,
the elimination of intra Euro-zone currency risk may increase cross-country correlations

in this region. Chapter 4 examines, from a portfolio performance perspective, the relative importance of country and industry factors as determinants of international equity
returns in the Euro-zone over the 1990 to 2003 period.
Although industry- and country-based portfolios are indistinguishable in terms of
mean-variance efficiency and Sharpe ratios, the chapter documents remarkable changes

in the structure of Euro-zone equity returns. Whereas country returns were more volatile
but less correlated than industry returns in the early nineties, the opposite is true for
the late 90s and the beginning of the 214 century Also, after the Euro launch industry
portfolios can better replicate country returns than vice versa. Consequently, Euro-wide

industry risk that cannot be captured by country returns increases. This striking increase
in industry idiosyncratic risk has caused a near doubling of the average annual gains from
Euro-wide cross-industry diversification, from 5.2% in the convergence period to 9.7%

in the Euro period. Even within a group of closely linked economies like the EMU, the
gains from international diversification remain highly significant. However, cross-border

4
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diversification within a single Euro-zone industry fails to deliver the full benefits of in-

ternational diversification: broader diversification, across both countries and industries,
remains essential.

Whereas the first part of this dissertation examines optimal international investment
strategies, Part II considers portfolio optimization in a general asset pricing context. In

particular, Chapter 5 focuses on the impact of human capital on asset pricing. According
to traditional asset pricing theory, investors choose their optimal portfolios by maximizing
the expected utility of their life-time consumption. Next to investments in tradable assets,
part of their wealth may be tied up in nontradable assets. One of the most important

nontradable assets that virtually all investors hold is human capital. When human capital

returns are correlated with stock returns, investors are endowed with certain exposures to
stocks. This may affect their portfolio choice and consequently, human capital can affect
expected equity returns. Indeed, several papers recognize the impact of human capital on
risk premium for stocks (e.g., Mayers, 1972, Shiller, 1995, Jagannathan and Wang, 1996,

Campbell, 1996, Palacios-Huerta, 2003).
Chapter 5 takes a new look at the impact of investors' nontradable human capital
on asset pricing. First, it relates human capital to the apparent premium for stocks'
idiosyncratic risk. Several empirical papers show that stocks' idiosyncratic volatilities
(measured, for instance, as the residual volatility of the Fama and French (1993) model)
explain part of the cross-sectional variation in expected returns (e.g., Ang, Hodrick, Xing
and Zhang, 2006). This suggests a premium for idiosyncratic risk, which creates a puzzle
as true

idiosyncratic risk should not be priced. Idiosyncratic risk is typically measured

with respect to an asset pricing model that does not include human capital. Hence, the
impact of human capital on the risk premium for stocks is not captured by the model and
ends up in the residual. This chapter shows, both theoretically and empirically using US
equity returns, that the cross-sectional relation between idiosyncratic risk and expected

returns hinges on the hedging demand induced by nontradable human capital.
Second, the chapter examines the asset pricing implications of industry-specific human capital. Several existing papers include human capital in an asset pricing model.
Typically, only returns on aggregate human capital are considered (often estimated as the

growth rate in aggregate US labor income (see Jagannathan and Wang, 1996)). However,
human capital is investor-specific and may depend on, amongst others, age, education,
occupation, or the industry in which the investor works. Differences in human capital may

result in different hedging demands for stocks due to, for instance, different correlations

5

with equity returns or differences in stock market participation. In theory, equity returns
are affected by the exposure to aggregate returns on human capital. However, these aggregate human capital returns are very difficult to estimate. By allowing for industry-specific

human capital I aim to better capture the full impact of human capital on equity returns.

I include industry-specific human capital for five US industries in a linear asset pricing
model. The results show that the model performance improves dramatically when including industry-specific rather than aggregate human capital. The average absolute pricing
error is reduced by 48 percent and the cross-sectional OLS and GLS R2s are substantially
larger. This suggests that industry-specific human capital is an important determinant of
systematic risk and it should be taken into account in the asset pricing model.

Although the empirical analysis in Chapter 5 is based on US data, the theoretical
model that is proposed in the chapter has clear links with the international finance literature. The model assumes that investors are endowed with certain fixed positions in

nontradable assets. Whereas the empirical tests of the model specify the nontradable asset as human capital, it could also be specified as a domestic asset that cannot be traded

by foreign investors. In other words, partially segmented markets in which certain assets
are not investable for all international investors can be seen as a special case of nontrad-

able assets. In fact, as is discussed in Chapter 5, after some rewriting, the nontradable
assets model resembles the partial segmentation models of Errunza and Losq (1985) and
De Jong and De Roon (2005).

Part I
International Equity Market
Cornovenlents

7

Chapter 2

Dispersion, Equity Returns
Correlations and Market Integration
2.1 Introduction
There is wide agreement among finance practitioners and academics that the benefits from

international diversification can be substantial and stem from imperfect cross-country
correlations (e.g. Lessard, 1973, and Solnik, 1974) and that cross-country correlations
are time-varying (e.g. Kaplanis, 1988, Longin and Solnik, 1995, Goetzmann, Li and
Rouwenhorst, 2005). However, whether cross-country correlations increase over time,
remains widely debated.1 Underpinning the interest in this issue are the related questions
of whether the degree of international market integration is changing and whether global
rather than local shocks are becoming the dominant drivers of national equity markets.

While increased integration may lead to increased correlations between markets, making
inferences about market integration on the basis of changes in cross-country correlations
alone may be hazardous (see, e.g. Forbes and Rigobon, 2002). Hence, a separate measure
of market integration is required. In this paper, we propose two novel non-parametric
measures of monthly correlations and integration that we use to investigate how global

stock market linkages evolve over time. Whereas most papers on cross-country correlations
focus on developed markets and papers on market integration typically examine emerging
markets, we investigate both measures for a broad global sample of 24 developed and 26
emerging markets. We analyze time trends in cross-country and cross-regional correlations

and time trends in market integration for these 50 countries from 1973 to 2005.

First, we show that comovements between developed markets have increased signifi1 For instance, Longin and Solnik (1995), Goetzmann, Li and Rouwenhorst (2005) and Baur (2006)
report an increase in cross-country correlations between developed equity markets in recent decades. On
the other hand, Bekaert et al. (2005) only report significant increases in correlations between European
equity markets, but not for North America and the Far East. Also, King, Sentana and Wadhwani (1994)
do not find evidence of increasing cross-country correlations either.

9
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cantly over the last few decades, while this is clearly not the case for emerging markets.
We detect significant positive time trends in cross-country correlations for developed markets in both Europe and the Asia-Pacific area. During the last 32 years the average levels

of cross-country correlations in these two regions have increased by 0.63 and 0.33 percent per annum respectively. For North America, the trend coefficient, while positive, is
not significant. Moreover, the cross-regional correlations (average and pairwise) between

developed market regions have significantly increased as well. This suggests that the ben-

efits of international diversification strategies across developed markets, within or across
regions may have decreased over time. In sharp contrast, for emerging markets, we do not
detect any significant time trends in cross-country correlations in Eastern Europe, nor in
the Asian and Latin American emerging markets. Moreover we find that Middle Eastern
and African markets have even become significantly less correlated over the last decade,

with average correlations decreasing at a rate of -0.50 percent per year. Correlations
between the emerging market regions do not display time trends either.
Second, we show that whereas developed markets in Europe and Asia Pacific are becoming increasingly integrated within world markets, the changes in the impact of global,

regional and local factors on emerging markets returns are more subtle. In developed
markets, the impact of global factors on equity market returns volatility has increased
while that of both regional and local factors has receded. Using the fraction of an equity

market's total volatility due to global factors as a yardstick for market integration, we
document a significant upward trend in the degree of integration measures across developed markets. In developing economies, we find that, over the last decade, while global
factors have supplanted regional factors as drivers of emerging markets comovements, the
importance of country-specific factors has not diminished and the fraction of total equity

market risk due to local factors has not decreased. Hence, while the aggregate degree
of integration of emerging markets has not increased, it has taken a more global than
regional nature over that time period.

Third, we examine whether different regions integrate into the world market at different speed. To the best of our knowledge, we are the first to formally test for this.
Our results show that the developed European markets integrate faster into the world
market than the Eastern European and Asia Pacific markets. However, the trends in
the relative importance of global and regional factors are similar for these regions. This
suggests that differences in the speed of integration are due to the changing importance

of country-specific risk rather than due to changing relative importance of global and regional risk. The increasing relative importance of glo al factors seems to be a true global
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phenomenon, as it is present in five out of seven regions. However, only the markets that
also have decreasing country-specific risk (developed European markets and Asia Pacific)
are becoming more integrated into the world market.
We come to these findings as follows. We propose two new nonparametric measures for

monthly time-varying correlations and market integration. Our approach starts with the
notion that cross-sectional dispersion may be used to make inferences about correlations,

originally suggested by Solnik and Roulet (2000) and further developed by Baur (2006).
The intuition is simple. If returns are highly correlated, then more often than not they will
move together on the up side or on the down side inducing low cross-sectional dispersion.
as

While correlations require a minimum sample length to be estimated with some precision,
no such requirement is needed for cross-sectional dispersions, although the measure will
be more imprecise if the number of returns entering the dispersion measure is small.
Although the intuition is appealing, making inferences about correlations based purely
on cross-sectional dispersion may be misleading in dynamic environments where returns
volatility and exposure to common factors change over time.2

We show that in order to estimate time-varying correlations when both factor exposures and factor volatilities are time-varying, cross-sectional data alone is not sufficient,

as it does not yield consistent estimates of instantaneous factor variance. In this case,
we need to consider a time dimension in addition to the cross-section. Hence, we extend
the methodology of Solnik and Roulet (2000) to directly estimate instantaneous crosscountry correlations, under the assumption that national equity returns are subject to
global and regional factors. We combine cross-sectional data with time series data over
short horizons to derive a new nonparametric measure of instantaneous correlation based
on cross-sectional dispersion and realized variance. Our measure can be interpreted as the
average level of correlations of the assets under consideration. We treat the resulting time
series of correlations as observable (in a fashion similar to e.g. Campbell et at., 2001),

which allows us to test for trends and breaks in a straightforward way.3
2Indeed, this is a serious issue as the evidence of time variation in total returns and idiosyncratic
volatility is ample and continuously growing (see for example Engle, 1982, Bollerslev, Chou and Kroner,
1992, Kroner and Ng, 1998, Campbell, Lettau, Malkiel and Xu, 2001). Furthermore, the degree of market
integration is also time-varying (see e. g. Bekaert and Harvey, 1995, and Carrieri, Errunza and Hogan,
2005, Baele, 2005).

3Ferreira and Gama (2004) estimate monthly correlations between global industries and the world
market index using realized covariances and variances. Even though they also use daily data to construct
monthly correlation estimates, our approach is different. First, we explicitly assume a factor model and
we estimate the average level of correlations within a group of assets, instead of bivariate correlations.
Furthermore, our measure is based on the notion that cross-sectional dispersion and correlations are
inversely related. Last, our correlation measure does not require the specification of the common factors.
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An alternative approach is to test the equality of unconditional correlation matrices

across different periods (as in e.g. Kaplanis, 1988, and Goetzmann, Li and Rouwenhorst,

2005). However, this assumes constant correlations within the periods and testing for
trends is not possible. Another alternative is to estimate correlations at each point in

time, indirectly, based on a multivariate GARCH model (e.g. King, Sentana and Wadhwani, 1994, Longin and Solnik, 1995, De Santis and Gerard, 1997, Bekaert and Harvey,
1997) or directly, using the dynamic conditional correlation model of Cappiello, Engle and
Sheppard (2003). As Kroner and Ng (1998) point out, the disadvantage of these paramet-

ric approaches is their computational intensity. Implementation even in relatively small
cross-sections requires drastic simplifications in the specification of the time dependency
and requires estimation of a large number of parameters.

In comparison, our nonparametric measure of instantaneous correlations has a number
of important advantages. First, it is robust for monthly time variation in factor exposure
and factor volatility, even though it does not require a specification of the factors. Second,
estimating monthly correlations for a large cross-section requires very little computational

effort. Furthermore, by treating the resulting time series as observable we can easily test
for time trends in correlations and for structural breaks.
One could expect that increased cross-border economic and financial integration may
lead to higher correlations between national equity and bond markets. However, cross-

country correlations cannot be used directly to make inferences on market integration.
One reason is that correlations might increase simply due to more volatile common fac-

tors, rather than to increased market linkages (see, e.g. Forbes and Rigobon, 2002). The
literature provides a number of approaches to measuring time-varying market integration,
which are typically based on either highly parametric models, on more detailed information on the securities, or on macro-economic data. 4 Moreover, only few of these papers

explicitly estimate a time series of integration measures and formally test for time trends
in market integration. In contrast, our approach is aimed to do precisely this. We measure market integration as the fraction of total risk due to global factors. This measure is
In the robustness check we examine a measure similar to Ferreira and Gama (2004).
4 For instance, Bekaert and Harvey (1995) model market integration parametrically, using a regime
switching model. They measure integration as the conditional probability of being in the full integration
state. Bekaert and Harvey (1997) use a dynamic factor model and consider, amongst others, the exposure
with respect to the world factor to make inferences on market integration. On the other hand, De Jong
and De Roon (2005) use the ratio of the market value of non-investable assets to the total market value
of all assets as an indicator of the level of integration. Cal·rieri et al. (2005) propose the integration
index, which is based on the fraction of the variance of non-investable assets that is not spanned by the
investable assets.
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bounded between zero and one and has a straightforward interpretation. In a segmented
region, the local factors dominate and the integration measure is close to zero. On the

other hand, a more integrated region is subject mainly to global risks and has an integration measure close to one. Although using this type of variance ratio as a measure of
integration is not new (e.g. Bekaert and Harvey, 1997), our approach to estimating it is
novel and delivers several benefits. We estimate the variance ratio based on a two-factor

model and whereas our correlation measure does not require specification of the global
and regional factors, specification of the two factors is required to estimate the integration
measure. This allows us to estimate the integration measure nonparametrically using only

daily return data over short horizons. This integration measure is easy to estimate on a
(two-)monthly frequency and by regarding the resulting time series as observable we can
test for trends and structural breaks. Furthermore, this allows us to examine how the
variance decomposition into global, regional and country risk changes over time for the

different regions.

While our simple correlation measure can be used to estimate a time series of the
average level of comovements between national equity markets, it can also be of more

practical use. Portfolio managers often need estimates of the instantaneous level of correlations. Typically, they base their estimates on past time series data over a longer
period. However, by doing so, they actually assume that correlations are constant within
the estimation period. Also, sufficiently long time series have to be available for all the
assets under consideration. Conversely, our measure provides a direct estimate of the
instantaneous average level of correlations by using only daily return data over very short
periods. This is particularly useful for securities that do not have a long history yet. In

addition, our measure of comovements is model-free. We assume certain return generating
processes, but we do not specify any asset pricing model.

This chapter is structured as follows. In the next section we use a simple model to
formalize the intuition and derive the appropriate estimators for the average time-varying
correlations, integration and their components. In Section 2.3 we describe the daily return
data for the 50 national equity markets under consideration. Section 2.4 discusses the

summary statistics of the estimated time series of correlations and integration measures.
In Section 2.5 we discuss tests for stochastic and deterministic trends in these series. We
also examine the presence of structural breaks and commonality of trends and we perform
a robustness check analyzing monthly realized average pairwise correlations. Section 2.6

analyzes cross-regional correlations and Section 2.7 concludes.
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2.2 Dispersion and comovements
2.2.1

Theoretical setup

This chapter examines how global equity market comovements in developed and emerging
markets evolve over time. To investigate these general market comovements we focus on
average cross-country correlations (for different regions) rather than on pairwise crosscountry correlations. Furthermore. we will test for time trends and structural breaks in

the series of time-varying correlation estimates. In order to perform these tests we need

sufficiently long time series of correlation estimates and return data for emerging markets
typically becomes available only in the late eighties or early nineties. Therefore, we are
interested in estimating correlations at a monthly frequency. In this section we propose a
new measure for monthly average cross-country correlations within a certain region.

Consider country i of region a. We assume that equity returns follow a two-factor
model. Formally,

fit = dit Wt + 7,:Lat + Eit,

(2.1)

where f,t is the return on country i's national index in excess of the risk free rate, B,t
is the exposure at time t to the global factor Wt, 7,t is the exposure to the local

factor

Lat and tit is the country-specific idiosyncratic return. Brooks and Del Negro (2002)
find that country factors have become less important within regions and regional factors
dominate. Hence, we choose regional factors as local factors rather than country-specific
factors. In this setup countries are fully integrated within the region. The country-specific
return is the residual return component. Note that we do not derive an international asset

pricing model. Rather, we assume a certain factor process driving international equity
returns. We further assume the following distributional characteristics for the factors and
idiosyncratic returns shocks:

M/t - (itivt, awt)

L
Eit

-

Ceaid)
(0, (Teit)·

Hence, the expected excess return for country i depends on the expectation of H/t and

the exposure to the global factor. The expected value of the global factor as well as all
the variances are time-varying. We assume that the three components of equation (2.1),

(Wt, Le and tit) arc orthogonal. Also, the covariance matrix of the idiosyncratic countryspecific returns of all countries within a certain region is assumed to be diagonal. Note

2.2. Dispersion and comovements

15

that we do not assume normally distributed returns. Under this factor process, the return
variance of any country i that belongs to region a can be expressed as follows:
0,t = /la,Vt + 71(7iat + (I ,t
Hence, the total variance of country

·

(2.2)

i's returns can be decomposed in three parts: sys-

tematic variance due to world factors, systematic variance due to regional factors and
country-specific residual variance. The covariance between countries i and j, both belonging to region a, is:
cri.it - BitBj,(7wt + 7„7jtaLi,

(2.3)

which leads to the following expression for the correlation between fit and fjt, i, j E a:

Bittitaivt + 7it7jtal,t
Pijt-

1

(2.4)

4810ivt + 71014 + (71 L/BA(Lf + 71aid + 02A
In order to estimate this pairwise instantaneous correlation, we would have to estimate
individual asset factor exposures and idiosyncratic variances. Our objective is to estimate monthly cross-country correlations, and it is a difficult task to estimate individual

factor exposures and idiosyncratic variances reasonably accurately using 22 daily return
observations within each month. Furthermore, this requires a specification of the common
factors. We avoid this by assuming that, within each estimation interval, all countries
within a region have identical factor exposures and idiosyncratic variances, i.e. Bit = Bit,

att - alt for 811 i, j E a. Nevertheless, factor exposures differ
across regions. Hence, while factor exposures and idiosyncratic volatility are restricted to
be equal cross-sectionally within each region over each estimation period, we impose no

7it =

701

and alt

=

restrictions on their variation across estimation intervals or across regions. Since our basic

estimation interval is a month, they are allowed to vary at a monthly frequency. Under
these assumptions, the excess returns on any country i in region a follows the following
two-factor model:

fit = Bail,Vt + 7(*Lat + 2it·

(2.5)

According to our model, on a given date individual country returns for a particular region differ in the cross-section only through the realization of their idiosyncratic country-

Country residual risk, defined as the idiosyncratic return
variance aL, is the same for all countries within the region. We can now decompose total
country variance into global variance, regional variance and country residual variance as
specific return component.
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follows:
a t = 13 tG,vt + 7 talat + 01,1

(2.6)

Our assumptions imply that correlations are equal across all pairs of countries within a

certain region. Hence Put - Pkit - P.t for all i, j. k, l E a. Cross-country correlations

within a certain region can be expressed

as follows:

diawt + 7 tait
pot = Bit(,fvt + 7:t(Tiat + 02Eat
2

=

1 - El# foralli,j E
a:t

a

(2.7)

where 03 is the total variance of each country belonging to region a. In the empirical
section we interpret the correlation measure Pat as the 'average' or 'general' level of correlations between all countries of region a rather than the bivariate correlation between two
country returns.5 Expression (2.7) shows that the cross-country correlation equals the
ratio of systematic to total variance, or cquivalently, one minus the ratio of idiosyncratic

to total variance, which resembles R2.

Solnik and Roulet (2000) derive an expression for correlations similar to (2.7), under
the stronger assumptions of a one-factor model with unit betas for all assets. They exam-

ine correlations by considering idiosyncratic variance only. Expression (2.7) shows that,
ceteris paribus, correlations and idiosyncratic volatility are inversely related. However,
inferences about changes in correlations solely on the basis of observed changes in idiosyncratic volatility can be misleading unless the systematic component of returns volatility

remains unchanged. Indeed, the literature provides ample evidence that both market
volatility and market betas are time-varying (see, for instance, Bekaert and Harvey, 1997,
Ng, 2000, Campbell, Lettau, Malkiel and Xu, 2001, Baele, 2005) and this should be taken

into account when making inferences about changes in correlations from changes in idiosyncratic volatility. Moreover, in order to examine time-varying market integration in this
setup, one should allow for both a global and a local or regional factor with time-varying

factor exposures.

2.2.2 Estimation
We first show that although idiosyncratic volatility can be consistently estimated using
cross-sectional dispersion, we need a timc series dimension in order to estimate total vari5Note that expressing the correlation as one minus the ratio of idiosyncratic volatility to total volatility,
as in the second line of equation (2.7), can be done for any multifactor model, provided the two assets
have identical exposures to all factors.
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ance. Next, we propose a novel estimator for time-varying average correlation that is
robust for time-varying factor volatility and factor exposure. We also discuss the adjustment required to deal with the serial correlation induced by nonsynchronous trading. In
the last sub-section, we use our theoretical setup to derive a nonparametric measure of

time-varying market integration.

A pure cross-sectional estimator?
An important contribution of Solnik and Roulet (2000) lies in recognizing that, under the
assumptions of the model, the cross-sectional dispersion of returns is a 'good' estimator
of idiosyncratic volatility. Traditionally, correlations and volatility are estimated using
time series methods and require long time series to provide statistically reliable estimates.
The cross-sectional method, by contrast, is dynamic. By using short horizon returns it
provides instantaneous inforniation about the level of idiosyncratic volatility.
In accordance with Solnik and Roulet (2000), in our setup idiosyncratic volatility (i.e.,
country residual risk) can be consistently estimated using the cross-sectional dispersion

of returns. Consider N countries of region a whose returns satisfy the factor process
specified in equation (2.5). The return on an equally weighted portfolio of region a is

16 gil.

2-,
fEWat = Batl*t + 7atI'at + N i=1

(2.8)

Given the assumption that the expected idiosyncratic return equals zero, the average
idiosyncratic return within a region is likely to be close to zero. This implies that the

idiosyncratic country risk is, at least to a large extent, diversified away in the regional
portfolio. The difference between the returns of country i and the contemporaneous
equally weighted regional portfolio equals the country's idiosyncratic return git minus the
average idiosyncratic return.

We compute the cross-sectional dispersion of returns as

follows

14

-

1A

I 'N -z.-')
\

(fit - rElvat )2

(2.9)

i=1

11 \
= \ N 4, r,- N At tj')
1,N f

1-R-Zi i

V -Nos.t·
This provides a consistent estimator of the idiosyncratic volatility based only on cross-
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sectional data.

In order to estimate instantaneous total variance of any country within region a,
att, one could suggest taking the cross-sectional sum of squared excess returns of all
2
countries within region a. 1N PN
L,=1 fit However, this estimator is not consistent as it
converges to a random variable.6 Intuitively, each cross-section of returns yields only one
·

'observation' of the common global and regional factors. Hence a single cross-section does
not allow us to consistently estimate the factors' instantaneous variances or the assets

total variances. This illustrates that in the presence of time variation in factor exposure
and factor volatility, the econometrician needs a time dimension when estimating timevarying correlations. Indeed we cannot consistently estimate the correlation coefficient
as the 122 of a cross-sectional regression, even though expression (2.7) resembles an IF.
This is precisely because a cross-sectional regression will not provide us with a consistent

estimate of the total variance of asset returns.

In sum, if both factor exposures and factor variances are constant (as is assumed
in Solnik and Roulet, 2000) one can infer changes in correlation from changes in crosssectional dispersion. However, to extract an explicit estimate of correlation, or to make
inferences about the time variation in average correlations

if either factor volatility or

factor exposure or both are time-varying, cross-sectional dispersion alone is not sufficient
and we need to consider time series data as well. Moreover, the pure cross-sectional
approach requires a sufficient number of assets in the cross-section to obtain reliable
estimates. In contrast, as highlighted below, our approach reduces the need of large cross
sections of assets. We combine time series and cross-sectional methods to perform reliable

estimation of average correlations for small groups of assets over very short horizons.

our observations e are not independent we cannot directly apply the law of large numbers, but
probability limit of the cross-sectional sum of squares is
as follows:
6 As

we must first use the specified model (2.5). The

1.1

plim X7 2., et

N

=

p lirn(letii.7 + 7jtf:t + . EE,1 + 28„,H't7«,Lot t.

i=1

,=1

iA

iA

..2801 Ii,t N2-2.1 2,t + 27.t «t N 2-'
2=1 2,t)

= 19:ti,7 + 7:t L:t + 01., + 23„, 1-V'7„,Lit
0 13:taivt + 7010 iat + a:.1 (= aot)
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Combining short time series and cross-sectional data
A natural candidate to provide

a consistent nonparametric

estimate of the total variance

of each asset is the realized variance or quadratic variation of realized returns over a
discrete interval (see, for instance, Merton, 1980, French, Schwert and Stambaugh, 1987,
Andersen, Bollerslev, Diebold and Ebens, 2001). The quadratic variation is the sum of
squared price changes over the specific horizon. In particular, let Dt be the number of

trading days during month t (this is the month from time t - 1 to time t). Then the
monthly quadratic variation of country i's returns is a consistent estimate of its monthly
variance and is computed from daily returns as
Dt
1

/2

F72

vit - L rid,

(2.10)

d=1

where d denotes the day of the month. Assume that daily returns are serially uncorrelated

(we relax this assumption later on) and that factor exposures and volatilities are constant
within each month. One could argue that these can be time-varying on a daily basis.

However, we are not able to consistently estimate daily factor variance based on daily
data only, because we always need a time dimension.7 Nevertheless, by allowing factor
variances and factor exposures to vary at a monthly frequency, our approach is consid-

erably less restrictive than assuming constant variances and betas over longer horizons.
By assumption, daily returns for a specific asset in a given month are i.i.d., which implies

that we can now invoke the law of large numbers. Indeed, our estimate Ki is a consistent
estimator for att. By computing the non-central moment the total variance estimate is
guaranteed to exceed the idiosyncratic variance estimate. According to Merton (1980)
the resulting bias can be neglected for return intervals of one month or less. In addition,

estimating monthly expected returns using daily data is a very difficult task and estimating variances and covariances using daily returns can be done much more accurately.
Under our model's assumptions, all countries within a given region are assumed to have
identical return variances. However, rather than taking the estimated variance for one
single country, we compute the cross-sectional average over all countries:

1.1

at N

1/;i.

(2.11)

i=1

7Andersen et al· (2001) estimated daily correlations based on realized covariances and variances
calculated with high frequency data. However, as we are interested in cross-market linkages, and in
particular those involving emerging markets, high frequency data is typically unavailable.
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If region a consists of N countries, we use N x Dt observations to estimate 1/3. As
we increase the cross-section, we can reduce the number of returns observations of each
country's returns without affecting our volatility estimate noticeably. Moreover, each
country's variance is estimated with error. If the errors for different countries are less

than perfectly correlated, averaging over the cross-section removes some of the estimation
error and may result in a more precise estimate of the country variance, which is assumed

to be the same for each country in a certain region. We use one month of daily data
for each country in the cross-section to obtain total variance estimates. Even though we
also estimate idiosyncratic variance separately (based on cross-sectional dispersion), we

want to estimate total variance rather than systematic variance only, as this allows us to

estimate correlations without having to specify the world and regional factors nor having
to estimate factor variances and exposures.

Campbell, Lettau, Malkiel and Xu (2001) also estimate monthly variances based on
daily return data for a given cross-section. However, their approach is somewhat different. They assume that individual asset returns follow a two-factor model and that they

can be decomposed into the market return, an industry component and a firm-specific

idiosyncratic component. They adopt a market-adjusted model in order to avoid estimating betas. However, as a consequence the three return components are not orthogonal.
By taking a cross-sectional weighted average the covariance terms drop out in the variance decomposition. In contrast, our two-factor model does allow for time-varying factor
exposures. We avoid the need to estimate factor exposures explicitly by expressing our

correlation measure as a function of assets' total and idiosyncratic variances. Our mo-

tivation for using the cross-sectional dimension stems from the fact that cross-sectional
dispersion is a consistent estimator for idiosyncratic volatility. Last, we include the time
dimension because it is necessary to consistently estimate the systematic component of
total variances.

A similar argument for adding the time dimension to the cross-sectional dimension can
be made to improve the estimation of the returns' idiosyncratic variance. We can use daily
or weekly data to estimate monthly cross-sectional dispersion. Under the assumption that

idiosyncratic shocks are serially uncorrelated (below we discuss how to adjust for serial
correlation) and that idiosyncratic variances are constant within each month, the monthly
cross-sectional dispersion for region a can be computed as

A [lA
u., - \6 IN 4.(Fid -

rE'va')21

(2.12)
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When the cross-section of countries is large we can estimate monthly dispersion directly

from the cross-section of monthly returns. When the cross-section is small, we may
improve the estimation accuracy of dispersion by using the average of the daily crosssectional dispersion over the month as our estimate. Indeed, this measure converges at a
higher rate (v'N-33;) than the pure cross-sectional measure.

In sum, we propose the following estimator for the instantaneous average level of
cross-country correlations within region a:

1 -vaL
Pat -

VJ,
N

where vit =

(2.13)

Dt

· E
E(T.1 - TE,Vad)2
i=1 d=1
'NA

and 1/1

-

EN. ,

This correlation measure is nonparametric and easy to compute, even for very large crosssections of countries. It is robust for monthly time variation in exposures to local and
global factors and factor variances. Nevertheless, we do not need to specify the factors.
Using daily returns for the countries within a region, we can obtain monthly estimates

of the average level of correlation between national equity returns of that region. This
approach of estimating average within-group correlation is valid for returns generating

processes with any number of factors. The only restrictions are that within the group
for which average correlations are computed, all returns are subject to the same factors,

and that over the estimation interval (i.e., a week, a month), factor volatilities and factor
exposures as well as idiosyncractic volatilities are constant and identical for all assets.

As we are interested in high frequency changes in returns comovements between coun-

tries, we use daily returns from different national stock markets to estimate average correlations. When there is little or no overlap in trading hours across the markets under

investigation, nonsynchronous returns have a confounding effect on the measure of comovement (see Martens and Poon, 2001, and Sander and Kleimeier, 2003). Further,
nonsynchronous and infrequent trading induce serial correlation in daily returns. So far,
our estimators assume zero serial correlation. To adjust for first-order serial correlation,
we use the Newey West (1987) approach. This adjustment guarantees positive variance
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estimates. The monthly variance for individual assets is calculated as3
Di

1 72

Dt

FI 2

F1

Vit - Z_,rid + Z.,ridrid- 1
d=1

·

(2.14)

d=2

Similarly, for monthly dispersion we have

1r2
UL = N 2.-,
Vit
i=1
Dt

where vt

=

Z (Tid - rEIVad)2 + E (rid - TEWad)(rid-1 - TEWad-i).
d=1

2.2.3

Dt

(2.15)

d=2

Measuring time-varying market integration

In this section we extend our approach to derive a nonparametric measure of time-varying
market integration. Our interest is to determine the extent to which comovements in asset

returns change over time as a result of integration of the goods or the financial markets.

Financial market integration is characterized by the existence of a unique pricing kernel
pricing all assets in the economy (e.g. Solnik, 1974, Sercu, 1980, Adler and Dumas,
1983) while segmentation is characterized by country or region specific pricing kernels

(e.g. Stulz, 1981, Errunza and Losq, 1985, Bekaert and Harvey, 1995 - for a survey
see Stulz, 1995). The process of financial integration will therefore affect the expected

returns of the assets and increase the commonality of expected returns. However, for
short horizon returns (daily, weekly or monthly) this is likely to have a very small effect
on the commonality of equity returns since for equities, expected returns are small in
comparison to returns innovations. Integration of the real economy will however likely
induce increased exposure to the common factors which will drive the commonality in

returns innovations.9 For highly integrated markets, the systematic risk is dominated by
global factors, whereas local factors play a much more important role for more segmented
markets.

Cross-country correlations convey information on the comovements between national
sThe adjustment term for first order serial
correlation is •1 Ed<2 r,dr,d-1.
added twice. Then, the Newey West weight is w(k, q) =

This term needs to be
the total

= 0.5 where k=q=l, i.e.
1- -L
q+1

number of lags. Finally, we multiply the term by De to convert it to a monthly frequency.
9These are exactly the results that Aydemir (2004) obtains in a general equilibrium model which
formalizes the intuition, and provides a rigorous comparison of the impact of integration of financial
markets and integration in the goods market on cross-country equity correlations (see also Dumas, Harvey
and Ruiz (2003) for a quantification of the magnitudes of the change in correlations that could be due to
financial integration alone).
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equity markets. One could expect higher correlations between countries that are more
countries are subject to the same global factors. However, it can be hazardous to use correlations to make inferences about market
integration. Correlations might increase simply because of increasing common factor vari-

integrated into the world market,

as those

ance, rather than increasing market linkages, as can be seen from equation (2.7). This
is an example of the interdependence problem discussed by Forbes and Rigobon (2002).
Moreover, as Dumas, Harvey and Ruiz (2003) point out, in order to use equity return
correlations for statements of market integration, one should control for the correlations

in economic fundamentals. A similar argument is made by Carrieri, Errunza and Hogan
(2005) who find that correlations typically underestimate the level of market integration.
The literature provides several measures of time-varying market integration. For
instance, Bekaert and Harvey (1995) model market integration parametrically, using a
regime switching model. They measure integration as the conditional probability of being
in the full integration state. Bekaert and Harvey (1997) use a dynamic factor model and
consider, amongst others, the exposure with respect to the world factor and the correlation between the country returns and the global factor to make inferences on market

integration. On the other hand, De Jong and Dc Roon (2005) use the ratio of the market
value of non-investable assets to the total market value of all assets as an indicator of

the level of integration. Carrieri et at. (2005) propose the integration index, which is
based on the fraction of the variance of non-investable assets that is not spanned by the
investable assets. These integration measures are typically based on parametric models,

on macro-economic data or on more detailed information on investable and non-investable
assets.

Our two-factor model decomposes total country variance into global, regional and

country residual risk. We can use this setup to derive a measure of market integration,
which can be estimated nonparametrically using national equity returns data only. Similar
to Bekaert and Harvey (1997) we measure integration as the fraction of total risk due to
global factors. Hence, the level of integration of the countries of region a into the world

market at time t is expressed

as follows:

Iat = op

01Owt
2
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2

pat(Tivt + 7at(Lat -1- 0 Eat

(2.16)

This measure is bounded between zero and one and has a straightforward interpretation.
If a market is segmented from the world market, local factors will dominate and the

integration measure will be close to zero. On the other hand, a more integrated market
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is subject mainly to global risks and has an integration measure that is close to one. 10

In our setup, cross-country correlations within region a can be expressed as the ratio
of global and regional risk over total risk. Hence, cross-country correlations are related to
the average degree of integration of those countries within the world market as follows:

Pot = Lt +

7:tolat

2

(2.17)

Cat

This expression shows that average cross-country correlations within region a equal the
integration of those countries within the world market plus the fraction of total variance
due to the regional factor (orthogonal to the world factor). This variance ratio can be interpreted as a measure for regional segmentation, as an increase implies that the regional

factor explains a larger fraction of total variance of the country returns in region a, i.e.,
ceteris paribus, the region becomes more segmented from the world market. Expression
(2.17) can bc interpreted as follows. As countries are becoming more integrated within
the world market, their returns are being more affected by the same global factor. This
increases the commonality in returns and has a positive effect on cross-country correla-

tions. Additionally, as the region is becoming more segmented frorn the world market and
regional factors are becoming more important, the commonality in country returns from

that region also increases and cross-country correlations also increase.

In order to take a closer look at the relative importance of global versus regional
factors, we also consider the following variance ratio:

Global / systematic risk:

dl 'wt

ilt(Tivt + 7It(Tiat

(2.18)

This variance ratio is similar to our integration measure, but excludes the country residual
risk. It provides information about the contribution of global and regional factors to a
country's systematic risk. An argument could also be made that when country residual
risk can be diversified away, the fraction of systematic risk due to global factors is a more
appropriate measure for market integration than the fraction of total risk due to global
factors. In the equally weighted regional index (eq. (2.8)) the country idiosyncratic risk is
indeed largely diversified away. While it is relatively easy in developed market regions to

invest in the regional index with little or no country risk, in emerging markets the regional
index might not be fully investable due to possible capital market barriers. In this case,
io Although we do not consider expected returns when measuring integration, expected returns can be
affected by changing levels of integration. For instance, when the exposure to the global factor increases,
the integration measure increases and at the same time: the expected returns (Balltwt) are afTected. Note
that these parameters are all allowed to vary at a (two-) monthly frequency.
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country residual risk is relevant when assessing the level of market integration. Hence,
whereas we measure integration as the fraction of total variance due to global factors,
for developed markets the global

/

systematic risk ratio might be used as an alternative

measure of integration. Indeed, Bekaert, Hodrick and Zhang (2005) use this variance ratio
to examine integration of developed markets into the world market. However, in emerging

markets country residual risk may still play an important role and the global / systematic
risk ratio can simply be used to examine the relative importance of global and regional
factors.

We can estimate the integration measure Ict and the ratio of global over systematic

risk based on our two-factor model, using a similar nonparametric approach as for the
correlation measure. Whereas we do not need to specify the local and global factors to
estimate our correlation measure, in order to estimate these two variance ratios we do
need to specify the factors. First, we use the value-weighted world index as the global

factor. We estimate its variance in a similar fashion as the variance of individual country
returns, as the sum of squared daily excess returns adjusted for first order serial correlation
(similar to equation (2.14)). As the regional factor, we use the regional index return that

is orthogonalized to the world factor. We proceed as follows.

First, remember that we can write the return on the equally weighted index of region
a as follows:
1N

fEwat = Bati,St + 7at Lat + 37 S fit,
i-1

where the regional factor L.t and the idiosyncratic returns tit are all orthogonal to the

world factor We. The average idiosyncratic return is likely to be very small, as country
idiosyncratic risk can be diversified over all countries in the region. Hence, the difference
between the return on the equally weighted regional index and the return on the world
factor is orthogonal to the world factor and it is dominated by 7*Lot·
We assume constant factor exposures and variances for all days within a certain month.

We estimate the following regression for daily returns using Ordinary Least Squares (OLS

henceforth):

TE,Vad =6+ brivd +

U,i,

(2.19)

where f,Vd is the daily excess return on the value-weighted world index and 8 is the
estimated exposure of the equally weighted regional index to the world index. The error
term vd is by construction orthogonal to the world index return. Hence, the regression
coefficient b is a consistent estimator for Bat and the residual risk of the regression is
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an estimate of the variance

7ttaL

plus

Var(* Eli tit) = *c,24· The latter term is

likely to be very small and will be dominated by 'yitoiat· Hence, we

use Var(vd) as
an estimator for 72.toiot·11 Due to the specification of our integration measure and the
ratio of global over systematic variance we do not need separate estimates of the regional

factor variance and the exposure to the regional factor and we can therefore estimate the

two in one step. Since we use OLS to estimate this regression on daily returns, we need
to correct for serial correlation. Therefore we apply the Newey West (1987) adjustment
to the variance estimate of the error term. In the previous section we explained how to

combine short time series and cross-sectional data to estimate monthly correlations. Since

for the estimation of world and local factor variance we only have a time series dimension
(i.e., no cross-section), one month of daily return observations is generally too little for
sufficiently reliable estimates. Therefore, for the integration measure and for the ratio of
global over systematic risk we use two-month estimation periods.

While the regression coefiicient 6 is a consistent estimate of dot, we can use our twofactor model to derive an alternative estimator for the factor exposure. The advantage
of the latter is that it is based on both a time series and cross-sectional dimension and
hence, it uses more information. Using our estimates of total, global, regional and country
residual variance, we can extract an estimate of Bat from our variance decomposition in

equation (2.6) as follows:12
/-2

-2

-2

-2

'fat.
3.· = 111' Oc,1 - 7'' t -

(2.20)

2
-2 -2
-2
Our approach guarantees that 8 at
- 7ataLat - GEat 2 0 because we use the return on
the equally weighted regional index as a dependent variable in regression (2.19). To see

this, first note that the difference between the total and idiosyncratic variance estimates
equals the estimated variance of the equally weighted regional index. The regional risk
'i'&taiat is estimated as the variance of the error term of regression (2.19). As the return
on the equally weighted regional index is the dependent variable of this regression, by

construction its variance exceeds the variance of the error term. Hence,
8It - 81,t = '1 ar(fETVot) 2 7 tai,at

result can be found when assuming that Eli 2,t = 0.
12 According to equation (2.20) we only allow for positive betas. It is reasonable to expect positive
exposures of country returns to a world factor. Nevertheless, our general setup also allows for negative
11 The same

factor exposures 8.2 = - 80, -7„tti„, -af„,, but we do not consider this solution for )at ·
.wi
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and therefore the condition that 8·:t - 5&taL - aL 2 0 is met.13
Now we have all necessary estimates to calculate the integration measure following
expression (2.16). Similarly, we can construct an estimate for the fraction of systematic
variance due to global factors. Our measure of time-varying integration has a number

of important advantages. First, it allows for time variation in global and local factor
variances. The exposures to these factors are allowed to vary over time as well. Second,
this measure is nonparametric and can be estimated easily for a large number of countries.

Third, it

is based purely on daily return data. Last, the measure has a straightforward

interpretation, since it is bounded between zero and one. As it is a continuous measure,
we allow for different levels of partial segmentation. Note that measuring integration as
the fraction of total risk due to global factors is not a novel idea (for instance, Bekaert and
Harvey (1997) use a similar integration measure). Our contribution is the nonparametric
approach to estimating the country, regional and global variances and factor exposures,

based on the two factor model, using short time series and cross-sectional data.

2.3 Data
Our empirical investigation focuses on the variation over time in the average comovements
across a large cross-section of national equity markets. Specifically, we are interested in

the worldwide level of stock market linkages and the changes in comovements between developed markets and between emerging markets. Our dataset consists of national market
indices of 50 countries, which we subdivide into seven regions. The sample includes 24
developed markets from North America (2), Europe (17) and Asia Pacific (5) for which
we use Datastream indices. The data for the 26 emerging markets is based on Datastream

indices up to July 1995, thereafter we use data from Standard and Poor's Emerging Markets Data Base. These includes markets from Eastern Europe (6), the Middle East and

Africa (5), Asia (8) and Latin America (7). In Table 2.1 the countries are ordered according to this classification. Our full sample period extends from January 1973 to February
2005. However, not all countries are available for all 32 years. We consider a region as
soon as data is available for at least two countries. The remaining countries are included
when their indices become available. As a result, different regions have different sample

lengths. Whereas the sample periods for the three developed market regions all start in
13When performing the calculations we find that this condition is not met in a few instances due to
the Newey West adjustment in the variance estimators. In this case we replace the resulting imaginary
beta by zero. Without the Newey West adjustment the condition is met by construction.
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January 1973, the four emerging market regions start later. Eastern European country
returns data is available from December 1991, data for the Middle East/Africa start in
February 1993, while for the Asian and Latin-American emerging markets, the samples
start in February 1987 and August 1989 respectively. Hence, the sample periods for the
different regions include 12 up to 32 years.
For the developed market regions we compute daily returns from January 3, 1973 to

February 28, 2005 based on total return indices with dividends reinvested. In total we
have 8389 daily return observations, from which we construct 386 monthly correlation

and variance estimates from January 1973 to February 2005. We estimate integration for
193 two-month periods. For the emerging market regions we use the same approach for

the appropriate sample periods. 14 We take the perspective of a US investor, hence all
total return indices are denoted in USD and the returns are net of the US daily risk free
rate. The daily risk free rate is the 30-day T-Bill rate, downloaded from Kenneth French's
website, divided by the number of trading days within the month.

Our variance estimators

1/21 and 1.€t

for total and country residual risk are adjusted for

serial correlation that may arise due to nonsynchronous trading. We also adjust returns

for non-common holidays (days on which all stock markets are closed are excluded from
our sample automatically). 15
Table 2.1 reports summary statistics of the daily excess returns of the 50 countries and

the G50 value-weighted market index. The mean and standard deviation are annualized
assuming a 260-day year. Mean excess returns on emerging markets national indices are
on average higher than developed markets mean returns, but they are also more volatile.

The annualized excess US return over the last 32 years is 5.9 percent and its volatility is
15.9 percent. Brazil, one of our 'emerging' markets, has an average excess return of 14.8
This results in 135 monthly correlation estimates for Eastern Europe, 145 for the Middle East /
Africa, 217 for the emerging markets in Asia and 187 for Latin America.
15We proceed as follows. Suppose that the US market is closed on day d. Then the US return of day
d+1 is actually a two-day return. We divide the return of day d+1 by two and replace the returns of
both days by this average return. For two subsequent holidays, the zero returns are replaced by one third
of the return of the third day. As it is highly unlikely that no trade would occur on a day a developed
market is open, we treat all zero return days in developed markets as holidays. In emerging markets
trading is not as deep and a zero return may be recorded simply because of infrequent trading. It would
then be inappropriate to adjust for it. As we do not have data on the exact holidays in all emerging
markets, we treat zero return days in these markets as follows. Two or more subsequent zero return days
are treated as holidays (assuming that it is unlikely that on two subsequent days no trades were made
while the market was open) and days when more than half of the emerging markets have zero returns
are considered as holidays as well. After these adjustments, only a small fraction of daily observations
1

4

remains zero returns.
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percent per annum and an annual volatility of 36.3 percent over the last
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years. Ftom

1973 to 2005, the global G50 value-weighted market index has an average excess return
of 4.9 percent with an annual standard deviation of 11.9 percent. Table 2.1 also provides

the market value weights of the countries in the G50 market index at the beginning and

at the end of the sample period. Among developed markets, the US has shown the largest
decrease, its weight in the G50 index falling from 65.9 percent in 1973 to 43.1 percent in
2005. This is to some extent affected by the inclusion of more countries in the G50 index
as

time evolves. All emerging markets have average weights of less than 1 percent in the

global index. Some have gained in importance, for example China's weight increased from
0.01 to 0.60 percent. Others have a lower weight in 2005 than in the beginning of their
sample period, like Argentina (whose weight decreased from 0.27 percent to 0.03 percent).

2.4 Correlation and integration estimates
We estimate the overall level of correlation and its components for the set of 50 countries

subdivided into seven regions. Recall that for our correlations estimates we do not need to
specify the global and regional factors. All we need are estimates of the total variance et
and country residual variance vJ for each region a. In order to estimate the integration

of each region into the world market, we specify the value-weighted G50 world index as
the world factor. The regional factor is obtained by orthogonalizing the return on the
equally weighted regional index to the world index return.16 We use daily excess returns to
construct monthly correlation estimates. As we only have a time dimension and no crosssectional dimension to estimate factor variances, we use two-month estimation periods for
the integration measure and the ratio of global over systematic variance. We treat the

resulting time series as observable, similar to e.g. Campbell et at. (2001) and Ferreira
and Gama (2005).17

Figure 2.1 reports the correlation time series estimates as well as the 12-month moving
averages. Clearly there is substantial time variation in the correlation between national
16As we construct the world and regional indices using all countries that are available during a certain
month, they may be affected by the inclusion of more countries over time. Hence, we also perform the
analysis for the period from 1995 to 2005 when all countries are available. We find that the results are
generally robust. However, due to the smaller number of observations, the significance level of the time

trends is lower.
17Note that we investigate cross-country correlations and market integration for each of the seven
regions separately. We do not consider all 50 countries as one group. since this would require the overly
stringent assumption of fully integrated markets. This follows from our model according to which all
countries under consideration are subject to the same risk factors. By investigating the regions separately
we allow for different regional factors.
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equity markets. For the developed European markets and for Asia Pacific average crosscountry correlations seem to trend upward. North America has the highest correlation
estimates, which are often close to 0.9. Correlations between Middle Eastern and African

countries appear to decrease, while for Eastern Europe, emerging Asian markets for and

Latin America the pattern is

less clear,

although that may be due to shorter sample

periods.

Figure 2.2 shows the decomposition of total variance for the countries within each
region into global risk (the dark grey area), regional risk that is orthogonal to the global
factor (the white area) and country residual risk (the light grey area). For ease of exposition, the figures are based on 12-month moving averages. The dark grey area corresponds
to the integration measure (i.e., the fraction of total risk due to global factors). Crosscountry correlations are measured as the fraction of total risk that is systematic global

and regional risk. Hence, the dark grey and white areas combined correspond to our

correlation measure.

First of all, the figure shows that the estimated levels of market integration are highly
time-varying. The integration measure of the developed European markets displays a
remarkable increase over time. Whereas in 1973 about eight percent of total variance is due
to global factors, in 2005 this has risen to over 40 percent. The regional risk is relatively

stable and the country residual risk decreases over time. The variance decomposition of
Asia Pacific shows a similar pattern. Integration increases from eight percent in 1973 to
about 30 percent in 2005. Also, the fraction of risk due to regional factors seems quite
stable, while country risk decreases. The increase in global risk and decrease in countryspecific risk has lead to an increase in cross-country correlations and integration measures

in both of these regions.
North America appears to be highly integrated in the first and last decades of the
sample period. Its integration measure is about 0.7 in these periods. On the other hand,
between 1985 and 1995 the measure is strikingly lower, dropping to levels close to 0.2
in the mid nineties. This suggests that during these 10 years the US and Canada have
been more segmented from the world market. This is probably related to the increasing

weight of Japan in the G50 index in the period preceding the Asian crisis in 1997. Indeed,
Table 2.1 shows that the weight of Japan was about 15 percent in 1973 and 11 percent

in 2005. However, the average weight over the full sample period is about 24 percent.
Moreover, whereas in the beginning of our sample period the value-weighted world index
consists mainly of the US, during the next 20 years more countries are added. We use this

index as the global factor, which may explain why North America's integration measure is

2.4. Correlation and integration estimates

31

decreasing during this period. 18 Indeed, the figure shows that the risk due to the regional

factor (which has been orthogonalized to the world factor) increases during this period.
The country residual risk within this region is relatively stable over time.
The integration measures of the four emerging market regions are all at a lower level,
indicating that, as would be expected, these markets are generally less integrated into the

world market. Furthermore, there is no obvious trend visible in the figures. The main
share of total risk is country residual risk and regional risk seems to be slightly decreasing
over time, especially for countries in the Middle East and Africa and in Latin America.
Table 2.2 reports summary statistics of the estiniated time series of correlation and in-

tegration measures and the ratio of global over systematic variance. On average, the North
American countries are most highly correlated (the mean correlation between Canada and
the US over the last 32 years is 0.80) and the countries in the subgroup Middle East/Africa
are least correlated (0.29 for the last 12 years). The developed markets are on average

more correlated than the emerging markets. Unreported results show that over the 1994
to 2005 period during which all regions are available, the average cross-country correlation
between developed markets is 0.58, while for emerging markets it is only 0.31. According
to our integration measure, over the full sample period, North America is most integrated

in the world market (on average 52 percent of the total variance is due to the world
factor) and the Middle East/Africa region is the least integrated, with an average integration measure of only 6.6 percent. The ranking of the regions based on the fraction of
systematic risk due to global factors is similar to the ranking based on the integration

North America (on average 64
percent of the systematic variance is due to global factors) and it is lowest for the Middle
Eastern African region, where on average 23 percent of the systematic variance is due
measure.

In particular, this variance ratio

is highest for

-

to the global factor and 77 percent is due to the regional factor.
Indeed, although insightful, these figures and the summary statistics of the correlation
and integration series give us only limited information about the evolution of global mar-

ket comovements over time. Hence, in the next sections we employ more sophisticated
methods to further analyze these time series.

18As a robustness check we also use the equally weighted G50 index as a proxy for the global factor.
However, unreported results show that now North America appears to be one of the least integrated
regions, which seems very unrealistic. In future robustness checks we plan to use the value-weighted G49
index, excluding the US, as an alternative global factor. Also, we could use a fixed weight of the US in
the G50 index. For instance, we could set the US weight in all months equal to the average weight over
the full sample period.
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2.5 Trends in correlation and integration
In this section we examine whether the estimated time series of correlation and integration measures and of the fraction of global over systematic variance exhibit stochastic or
deterministic trends. First we study their autocorrelation structure, which is reported in
Table 2.3 for 1 up to 12 lags. Indeed, as would be expected, the three series are substan-

tially autocorrelated for the set of seven regions. Whereas the measures typically exhibit
positive autocorrelation, the integration measure of the Middle East/Africa region and
the ratio of global over systematic risk of this region and of the emerging markets in Asia
show small negative serial correlation for a number of lags. The level of persistence suggests that the correlation and integration series can be predicted to some extent by their

past values. We continue the analysis by examining the presence of stochastic trends.

In order to test for a unit root, we perform the augmented Dickey Fuller (ADF) test
with intercept and with intercept and time trend using one lag. Table 2.4 reports the
results and shows that for all three series we can reject the null hypothesis of a unit

root, for all seven regions. This means that the time series of correlation, integration and
the ratio of global over systematic risk are stationary and shocks only have a temporary
impact.

2.5.1

Deterministic trends

Next we test for

a

deterministic linear time trend. A simple procedure is to perform

an OLS regression with a time trend as independent

variable. If the error terms are
stationary, OLS estimates are e licient. If the errors have a unit root, optimality can
be achieved by taking first differences. However, often it is unknown whether the errors

are I(0) or I(1) and when there is substantial serial correlation, neither I(0) nor I(1)
asymptotics are appropriate (Vogelsang, 1998). As there is substantial serial correlation
in our data, we cannot use the simple OLS procedure to test for a deterministic trend.
Instead, following Campbell et at. (2001) we use the Vogelsang (1998) procedure. The
advantage of this method is that estimates of serial correlation parameters are not needed

and it is robust for both I(0) and I(1) errors. Furthermore, it is asymptotically invariant
to all serial correlation parameters. The test is based on the following two regressions,
both estimated by using OLS:

m = p + Bt + 14

(2.21)

12

(2.22)

-

pt + BS DT, + St,
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where
t

t

t

Zt = Evi, SDT, = Etj and St = Euj
J=1

The

Zi

J=1

1=1

regression (2.22) is obtained by computing partial sums the yi regression (2.21).

The statistics for the significance of B and B are simple modifications of standard tstatistics computed by OLS. Let t, denote the t-statistics for testing the null hypothesis

that the individual parameters in the zt regression are zero. We adjust it

t - PS1 - T-1/24 exp(-54)

as follows:

(2.23)

where b is a constant. In order to compute 4 we perform the following OLS regression
9

(2.24)

Vt - E l t t t z Citi + 14'
i=2

Then J* can be calculated as
Ji· = CRS Sy - RS SAI RSSJ,

(2.25)

where RSSy is the residual sum of squares from eq. (2.21) and RSSj is the residual sum

of squares from eq. (2.24). When b>0 the

4 statistic is used to smooth discontinuities

in the limiting distributions of the statistics as the errors go from I(0) to I(1). Given a
significance level of the test, b can be chosen such that the critical values of the t - PS1

4

makes sure that
statistic are the same when 14 is I(0) and when it is I(1). Therefore,
the t-tests from the zt regressions are robust for I(1) errors. The critical values of these

test statistics and the optimal values of constant b can be found in table II(i) of Vogelsang
(1998). We use two-sided tests with a 95 percent significance level. Thus, we use b = 0.716
and the critical value is =1=1.720.

First, we test for deterministic trends in average cross-country correlation series for
each of the seven regions. The results are reported in Table 2.5. We detect significant
positive trends in correlations for two developed market regions only. For the developed
European markets cross-country correlations have increased significantly by 0.63 percent
per annum over the last 32 years.19 During this same period correlations between developed Asian and Pacific countries have risen by 0.33 percent per year. Next to their
statistical significance, these numbers are also economically meaningful. The substantial
increase in correlations during this extensive time period implies decreasing cross-country
i,In table 5 it can be seen that the estimated monthly trend of this region is 52.574 · 10-5. This results
in an annual trend of 52.574 · 10-5. 12 0.0063.
-

34

2.

Dispersion, Equity Returns Correlations

and Market Integration

diversification potential in these regions. The positive trend coefficient of North America
lacks statistical significance. Not all regions show increasing cross-country correlations.
The emerging markets in the Middle East and Africa, Asia and in Latin America have

negative trend coefficients, but these are not statistically significant. The positive trends

of Eastern Europe is not significant either. Note that we perform these tests for various
sample lengths, depending on the data availability of each region. In order to make a
better comparison across regions, we perform the tests for each region starting in January
1994, when all seven regions are available. Unreported results confirm our previous findings: cross-country correlations within the developed markets in Europe and Asia Pacific

trend upwards, while for the other regions we do not detect significant time trends.
The international finance literature provides ample evidence of time-varying correla-

tions between national stock markets. However, most papers focus on developed markets
only. Koch and Koch (1991) examine market comovements between eight developed markets using high frequency data. Based on three one-year periods (1972, 1980 and 1987)
they conclude that the comovements increase over time. King, Sentana and Wadhwani
(1994) examine cross-country correlations for 16 developed markets between 1970 and
1988. Their results indicate that the increase in correlations during their sample period

was due to the 1987 crash and was transitory. They conclude that there is no time trend in

cross-country correlations. Longin and Solnik (1995) examine cross-country correlations
between 1960 and 1990 for seven developed markets and report an upward sloping time

trend. Goetzmann, Li and Rouwenhorst (2005) consider a sample of up to 50 countries
starting as early as 1850. From 1850 to approximately 1890 cross-country correlations
decreased. Then, up to roughly 1930 they increased, followed by a dramatic decrease. As
of the 1950s cross-country correlations seem to increase. These patterns may be affected

by the inclusion of more countries over time. Using an APT model with regional and
global factors, Bekaert, Hodrick and Zhang (2005) examine model-implied cross-country
correlations for 23 developed markets. Similar to our findings, they report a significant
upward trend in correlations between developed European markets, while they do not
detect time trends in correlations for North America either. However, whereas we detect
a clear upward trend for the developed Asian markets, they do not find any evidence

for time trends in this region. Finally, Solnik and Roulet (2000) find a downward trend
in cross-sectional dispersion between 1971 and 1998 for 15 developed markets, and Baur
(2006) reports a downward trend for eleven developed markets between 1969 and 2002.
They both infer an upward trend in cross-country correlations.
However, as we argued in a previous section, making inferences on correlations based
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on idiosyncratic variance (estimated by cross-sectional dispersion) is hazardous unless
factor variances and exposures are stable over time. This can indeed be seen from our

empirical results. To this end we investigate the behavior of the components of our

correlation estimates; the total and idiosyncratic variance estimates. Unreported results
show that for all regions there is indeed substantial time variation in both global and
regional systematic risk. This illustrates the need for taking all elements of cross-country

correlations into account. Take the developed European markets. Figure 2.3 presents the
time series of correlation estimates as well as the time series of idiosyncratic risk estimates.

The figure shows that in some periods idiosyncratic risk and correlations both increase
(e.g. between 1998 and 2000) or both decrease (e.g. between 1992 and 1998), which

that indeed they do not necessarily have an inverse relationship. Furthermore,
while according to the Vogelsang (1998) test the idiosyncratic variance estimate (based
on cross-sectional dispersion) does not have a significant time trend (results not included
shows

in the chapter), it would be erroneous to conclude that correlation remained stable over

time. Indeed, over the last

32 years correlations

for these 17 European countries have

increased significantly.

Naturally, a constant deterministic linear trend is inconsistent with the definition of
the correlation coefficient, which is bounded between minus one and plus one. However,
as Longin and Solnik (1995) point out, even though it is possible to test for or model
other trend specifications, these specifications cannot be derived from economic theory.
Over our sample period the correlations fall clearly within the boundaries and we find
evidence for linear trends over the past 32 years. However, we cannot conclude that these

trends will continue indefinitely as the correlation coefficient is bounded.
Table 2.5 also reports tests for deterministic trends in the estimated integration measures of the seven regions into the world market. We detect significant upward trends for

the developed European markets and Asian Pacific markets. The integration measures of

countries in the other regions do not display significant time trends, which confirms our
inference from Figure 2.2. Nevertheless, we detect a remarkable increasing importance of
the global factor relative to the regional factors in five out of the seven regions. Table 2.5

shows that the ratio of global over systematic variance displays significant upward time

trends for the developed European and Asian markets, Eastern Europe, and the emerging
markets in Asia and in Latin America. The most striking time trend is that of Latin
America, where the fraction of systematic risk due to global factors has increased by 3.0
percent per year for this region.

The upward time trends in the relative importance of global versus regional factors

36

2.

Dispersion, Equity Returns Correlations and

Market Integration

could suggest that these regions are becoming more integrated into the world market.
However, paradoxically, we only find upward time trends in integration for two regions.

This result can be explained by country residual risk, because the only difference between
the two variance ratios is that the integration measure also includes country residual
variance. In Section 2.2.3 we argued that for the developed markets, the fraction of

systematic risk due to global factors can also be interpreted as a measure of market
integration. This is because for these markets, (most of the) country residual risk can be
diversified away and therefore it does not necessarily need to be included in the integration
measure. The results show that the conclusions based on the ratio of global over systematic

variance as a measure of integration would be the same as for our integration measure:
the developed markets in Europe and Asia Pacific are becoming more integrated into the

world market, while the level of market integration of North America does not display
any time trends.

In contrast, in emerging market regions the country residual risk many not be fully
diversifiable due to capital market barriers. Therefore, when measuring the integration
of emerging markets into the world market, country residual risk should be taken into

account. It is exactly in these regions that the two variance rations show different results.
While emerging markets' systematic returns are increasingly determined by global rather

than regional factors, their country residual risk is not declining over time. This is can
be seen from the lack of time trends in cross-country correlations. Correlations can be
expressed as one minus the ratio of country residual risk over total risk, or equivalently,

the ratio of total systematic risk over total risk. Absence of trends in cross-country
correlations implies that the ratio of systematic risk to total risk remains stable over
time. Nevertheless, the composition of systematic risk has changed, as it has taken a
more global than regional nature.
Papers examining market integration typically focus on emerging markets. Bekaert

and Harvey (1995) consider a sample of 12 emerging markets from 1975 to 1992. They
find that some, but not all countries are becoming more integrated into the world market.
De Jong and De Roon (2005) argue that emerging markets have become less segmented
from the world market, based on a sample of 30 emerging markets from 1988 to 2000.
Carrieri, Errunza and Hogan (2005) show that between 1977 and 2000 the eight emerging
markets under consideration are becoming increasingly more integrated into the world

market, although during some periods markets are becoming less integrated. There are
some papers that examine the integration of developed markets into the world market.
For instance, Carrieri, Errunza and Sarkissian (2004) find that the conditional cross-
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country correlations between 17 OECD countries have increased between 1976 and 2003.
Also, Baele (2005) finds that there is an increasing degree of market integration for 13
Western European countries. Bekaert, Hodrick and Zhang (2005) argue that some of the
23 developed markets in their sample integration has increased from 1981 to 2003. while

for other countries it has decreased or there is no clear pattern at all.

It is possible that deterministic trends were not found significant because we disregarded a structural break. In order to evaluate this possibility we use the Vogelsang
(2001) method to test for shifts in deterministic trends. This methodology is similar to
that discussed above and also allows for various forms of serial correlation. We test three
models, allowing for a shift in the intercept, a shift in the trend and a shift in both the
intercept and the trend. The Vt regressions are adjusted as follows

shift in intercept

:

Model 2, shift in trend

:

Model

1,

Model 3, shift in intercept and trend

1,4 -B+Bt + 8Dut +111

Vt=11 + at + 7077 + ut
:

1/t=11+ Bt + 6DUt + 7D71 + Ut'

where

DUt = lif t>Tband

0 otherwise

DTt = t-T b i f t>7 1 and

0

otherwise

and Tb is the (estimated) break date. The zt regressions follow by taking partial sums of
the 1/1 regressions. The hypotheses of interest (i.e., no break) are:

Model 1 :

Ho: 5 - 0

Model 2 : Ho : 7 = 0
Mode13

:

Ho:7= 8= 0.

The calculation of the PS1 statistic is similar that of the t - PS1 statistic discussed above,
for details see Vogelsang (2001). As specific break dates for the full set and the different
regions are not available, we estimate the most likely break dates. To this end, we employ

the supremum statistic of Andrews (1993), by which we choose the date that results in
the maximum Wald statistic of the test for a break in the Vt regression (of the model
under consideration). We do not consider break dates near the end points of the sample

period, therefore we use 10% trimming. Hence, the first possible break date we consider
is 0.10·T and the last one is 0.90·T. The values of the parameter b and the critical values
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Table 2.6 reports the results of these tests. We find a significant break in cross-country
correlations in the Middle East/Africa, according to all three models. Models 1 and 3

estimate the break date in June 1995. If we take a look at Figure 2.1, we indeed see

that in this year the correlation estimates drop from 0.5 to about 0.3. This could be
related to the inclusion of more countries in 1995. We also detect a significant shift
in the trend of the correlation estimates of the emerging Asian markets in December
1988. This takes place in the

beginning of the sample period, which starts in February

1987. Figure 2.1 shows that whereas in the first few years correlations decrease, thereafter
they show a general increasing pattern. For both of these regions we were not able to

detect significant time trends in correlations. Hence, the wide confidence intervals of the
estimated full sample trend coefficients could be caused by the presence of these breaks.
Therefore, we perform the Vogelsang (1998) test for a deterministic trend again, but now
for the sample periods before and after the estimated break date separately. The results

are reported in Table 2.7. As the estimated break date of the emerging markets in Asia is
in the beginning of the sample period, we only consider the sub-sample period after the

break date. For this period starting in January 1989 we do not detect a significant time
trend, which reinforces the previously reported results. For the Middle East/Africa we do
find significant a negative time trend after the estimated break date. The estimated trend
before the break date also has a negative coefficient, albeit insignificant. This suggests
that we were not able to detect the decreasing trend in cross-country correlations within

this region due to the presence of a structural break. Indeed, over the last decade Middle
Eastern and African countries have become significantly less correlated at a rate of -0.50
percent per year.

We find significant deterministic trends in integration for two out of the seven regions.
Table 2.6 shows that North America, one of the regions without a time trend, indeed has
a significant break in its integration measure in November - December 1995. Figure 2.2
clearly shows that up to 1995 there is a steep decreasing pattern in integration. After
20The 95% 2-sided critical values for models 1 to 3 are =£4.205, =1=3.387 and *5.312 respectively.
These tests only allow for the presence of one break. Consequently, if a break is detected this implies
that there will be not be another break in the remainder of the series. It is hard to find economic arguments
why time-varying correlations or integration measures would only exhibit one structural break. However,
our motivation for testing for structural breaks is not based on economic arguments but on statistical
arguments. We simply check whether the tests for deterministic trends resulted in wide confidence
intervals because we ignored a break. Reasons for finding a break could, for instance, be the inclusion of
more countries into the analysis when more data becomes available. This type of break does not have an
economic interpretation and is purely data-driven.
21
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period up to the break date and the period thereafter. The results are reported in Table
2.7 and show a significant negative time trend in integration from 1973 to 1995. This
suggests that during this period North America becomes a less integrated region. As we
argued before, this finding could be related to the fact that the weight of Japan increases

substantially in the period before the Asian crisis in 1997. Also, not all countries are
available for the full sample period. Whereas in 1973 the value-weighted world index
consists mainly of the US, during the next 20 years more countries are added. After the

break date we see a positive but insignificant trend in the integration measure of North
America.

The findings for the ratio of global over systematic risk are similar. Again, we detect
a significant break (according to

models 1 and 3) in the series of North America at
the end of 1995. When repeating the test for trends in the periods before and after
the estimated break date, we find a significant negative time trend before 1995 and a
positive but insignificant time trend thereafter (see Table 2.7). Additionally, while we
find a significant upward trend in the ratio of global over systematic risk of the developed

markets in the Asia
September

-

-

Pacific region, we also detect a break in the level of this series in

October 1995.

In sum, our results provide strong evidence of increasing market comovements between
the developed markets in Europe and Asia Pacific. Country residual risk, as a fraction of

total risk, is decreasing over time, causing an upward trend in cross-country correlations.
Furthermore, global factors are becoming more important relative to regional factors. As
a result, the countries are becoming more integrated into the world market.
In contrast, while developed markets are becoming more correlated over time, for
emerging markets this is clearly not the case. The fraction of total risk that is countryspecific is not decreasing. Consequently, cross-country correlations either exhibit no significant time trends at all or even display a downward sloping trend. While for three

Out of the four emerging market regions global factors are becoming an increasingly im-

portant determinant of systematic risk and regional factors are becoming less important,
there is vast fraction of country residual risk. As a result, these emerging markets are not
becoming more integrated into the world market.

2.5.2

Commonality of trends

The previous section reports evidence of significant time trends in cross-country correlations and integration for a number of regions. These time trends indicate the speed of the
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increasing correlations and the speed of integration. An interesting question is whether

different regions integrate into the world market at similar rates. Or, have cross-country
correlations increased faster in Europe than in Asia? These kinds of questions can be
addressed by testing for equality of time trends. To the best of our knowledge we are

the first to formally test for differences in velocity by which different countries and regions integrate into the world market and differences in the rate at which cross-country
correlations within different regions increase over time.

In order to test whether two estimated time trends are equal, we adopt the Vogelsang
and Fransens (2005) procedure, and we use the t& statistic they propose.22 Critical values
for the statistics are given in Table 1 of Vogelsang and Ftansens (2005) and the 95 percent
critical value is 5.22. In contrast to the tests for deterministic trends, this test does

indeed require trend stationary time series. Also, if we test whether two regions have

equal trends, we can only consider the overlapping sample period of the two regions.

Consequently, in case of unequal lengths, we first have to check whether both regions
have significant time trends during this overlapping sample period.

As a result, we end up with one hypothesis for common trends in correlations, one for
common trends in integration and two hypotheses for Common trends in the ratio of global
over systematic variance. Table 2.8 reports the results. First, we find that cross-country
correlations in the developed European markets increase at a significantly higher rate

than the developed markets in the Asia Pacific region (0.66 percent versus 0.33 percent
per year). The ti statistic of 5.93 exceeds the 95 percent critical value of 5.22.

Next, we find that developed European markets integrate into the world market at
a higher speed than the Asia Pacific markets. The t5 statistic of 4.07 exceeds the 90%

critical value. On the other hand, the fraction of systematic variance due to global, rather
than regional factors increases at similar rates for these two regions. Similarly, while there
is an upward trend in the integration measure of the developed European markets, the
integration of the Eastern European markets does not display any time trend. However,

for both regions global factors are becoming increasingly important over time, compared
to regional factors. These two trends are indistinguishable, as can be seen in Table 2.8.
These results suggest that differences in the speed of integration are due to the chang-

ing importance of country-specific risk rather than due to changing relative importance
of global and regional risk. In almost all regions we find that global factors are becoming
22Vogelsang and Fransens (2005) propose two statistics: the t; and the t5 statistic. While they have a
similar size, the latter has a higher power and we therefore use the ti statistic. Unreported results show
that our conclusions based on the t; statistic are the same.
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more important over time and at similar speeds. This could be interpreted as a true
global phenomenon. However, we only find upward trends in integration in two developed
regions, for which the relative importance of country specific risk has decreased over the
past decades.

2.5.3

Robustness check: average realized pairwise correlation

In order to derive our nonparametric measure for cross-country correlations, we have
male a number of simplifying assumptions, as discussed in Section 2.2. In particular, we
assume that all country returns within a certain region have the same factor exposures and
the same idiosyncratic variances. In addition, we assume that the covariances between
the country idiosyncratic returns are zero. These characteristics are allowed to vary
across regions and over time.

With these assumptions, we can avoid the estimation of

individual factor exposures. Also, cross-sectional dispersion is a consistent estimator of
the idiosyncratic variance, which allows us to combine cross-sectional and short time series
data to derive monthly estimates of correlations.

In this section we investigate the robustness of our results for these assumptions by using an alternative nonparametric measure for cross-country correlations. For each month,
we use daily excess returns to calculate realized pairwise correlations for all pairs of countries within a region. This measure is similar to that used in Ferreira and Gama (2004).
The disadvantage of this measure for pairwise correlations is that we do not use a crosssectional dimension for the estimation. Hence, the estimates are based only on 21 or 22
daily return observations. After estimation of the pairwise cross-country correlations we

compute the equally weighted average correlation over all country-pairs within the region.
We estimate equally weighted average realized pairwise correlations for the seven re-

gions in our sample. The sample period is the same as in previous sections and the results
are presented in Table 2.9. First, Panel A shows that the time series averages of realized

correlations are similar to those based on our correlation measure. For instance, the average monthly realized cross-country correlation within the developed European markets is
0.38 while based on our correlation measure it is 0.39 (which can be found in Table 2.2).
The average realized correlations are slightly lower than the averages presented in Table

2.2 and the standard deviations are higher. This is likely to be related to the fact that

the realized cross-country correlations can have negative values. Indeed, the minimum
values of the realized correlations are negative for all regions. In contrast, our correlation
measure, which is a variance ratio, can by construction only have positive values. Second,
the ranking of regions based on the average realized cross-country correlations is almost
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the same as the ranking based on our correlation measure. The only difference is that
according to Table 2.9, the average correlations in the developed European market region

is larger than that in the Asia Pacific region, while in Table 2.2 it is the other way around.
Panel B presents the results of the Vogelsang (1998) tests for deterministic time trends.
The results for the three developed market regions are similar to the results based on our

correlation measure

Table 2.5). Table 2.9 Panel B reports significant upward time
trends for the average cross-country correlations in the developed European and Asia
(see

Pacific markets, while there is no significant time trend for the North American region.
The estimated trend coefficients are higher than those presented in Table 2.5. Again, the

trend coefficient for the developed European region is higher than that for Asia Pacific.
Unreported results show that the hypothesis that the two trends are equal is rejected at
a 10% level. Hence, the finding that cross-country correlations increase in Europe at a

faster rate than in Asia Pacific is confirmed.
Table 2.9 Panel B also shows that, in contrast to the findings presented in Table 2.5,
there is one significant time trend for the emerging market regions. The cross-country
correlations within the Eastern European region display a significant upward time trend.

Taking a further look at the time series of correlation measures reveals that in the second

month of the sample period there is an extreme negative cross-country correlation estimate
of -0.26. This negative correlation may have an important effect on the estimated time

trend.

Indeed, unreported results show that when the test for a trend is performed

starting the third month, the trend coefficient is no longer significant. Ftom an economic
perspective it seems quite unlikely that in a certain month, the average pairwise correlation
between all Eastern European markets is negative and of such a large magnitude. Hence,
we conclude that the results for the emerging market regions based on the realized average

pairwise correlations are similar to those based on the correlation measure proposed in

this chapter. We do not find clear evidence of time trends in cross-country correlations
within these regions.23

In sum, our main findings are robust for using an alternative measure of realized
monthly cross-country correlations. This alternative measure does not depend on the assumptions that the countries within a certain region have the same factor exposures and
23We also perform tests for breaks in the correlation series. We detect a significanty break for the
emerging Asian markets. However, we do not find ant significant time trends before or after the estimated
break date. We also detect a break in the series for Latin America. For this region we find a significant
upward time trend in the first part of the sample period, before the estimated break date. However, after
the break date and for the full sample period we do not find any significant trends. To be concise, these
results are not reported in the paper.
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idiosyncratic variances. However. this measure does not directly use the cross-sectional
dimension and monthly pairwise correlations are based on only few daily return observations. In addition, the measure can result in substantial negative cross-country correlations. Given these two concerns, the results discussed above merely serve as a robustness
check for the assumptions on factor exposures and variances.24 The measure that we
propose in Section 2.2 is our preferred measure.

2.6

Cross-regional correlation

In the previous section we analyze the average level of cross-country correlations within
each region. In this section we use a similar approach to derive a measure of instantaneous
cross-regional correlation.

We estimate the pairwise correlation between two regional

equally weighted indices, allowing for different exposures to the global factor and different
regional risk factors. The excess return on an equally weighted regional index follows the

two-factor model of eq. (2.8) and its variance is
1

Var(fEivat) = d tah/t + 7:talit +
The covariance between the indices of regions a and

b

(2.26)

NaL.

equals:

Cot,(fEWat, fEWat = at bta Vt + Cov(·Yat,Lat,71,1.Lbt)

(2.27)

and hence the correlation between the two regional indices is equal to:

Corr(rEWati fEIVbt

=

BatBbta vt + Cou(7atid, 7btibt)

1/'9 20'vt + 7itcriat + f(Teat v/'/3 0,vt + 'Ybtai

(2.28)

NG bt

We estimate the returns due to regional factors for each region, 7atiat and 7btf,bt, as the
residuals of regression (2.19). As discussed in Section 2.2.2, in doing so we disregard
NaL, since it is of second-order importance and is likely to be dominated by 73014· In

the estimates of the cross-regional correlations we leave out this term as well. We estimate

the covariance between the regional factors using the Newey West (1987) adjustment for
first order serial correlation. The orthogonalization regressions are performed for every

two-month period and we therefore estimate cross-regional correlations for two-month
periods as well. We estimate the common factor exposure and variance and the local
factor variance as is explained in Section 2.2.2.
24 Moreover, a measure of average correlation based on realized pairwise correlation does not lends itself
easily in the type of decomposition we perform to generate our measures of integration.
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The sample period for which we analyze cross-regional correlations depends on the data
availability for each region. We first consider the pairwise correlations between the developed market regions and between the emerging market regions separately. The developed

market regions have the longest time span, from 1973 onwards, while all emerging market
regions are available as of 1994. Furthermore, we examine the average cross-regional cor-

relation for all seven regions starting in 1994. Figure 2.4 shows the average cross-regional
correlations for these three groups. The figure indicates an upward trend in the average

correlation between developed European markets, Asia Pacific and North America. The
average correlation between the Eastern Europe, the Middle East and Africa, the emerging Asian markets and Latin America slopes up between 1994 and 1998, after which there
seems to be a slight downward trend. The average correlation between all seven regions
displays a positive slope with an upward shift in 1998.
Table 2.10 reports the summary statistics of the pairwise as well as average cross-

regional correlations. First, the developed market regions are more highly correlated than
the emerging market regions. Between 1973 and 2005 the average correlation between the
developed market regions is 0.43. We also perform the calculations for this group for the
same sample period as the emerging market regions, from 1994 to 2005. Unreported results

show that in that period the average cross-regional correlation is 0.52. For the emerging
market regions this is remarkably lower, namely 0.33. We find the same patterns for the
pairwise correlations. In order to determine whether the observed trends in Figure 2.4
are statistically significant, we perform the Vogelsang (1998) test for deterministic trends.

Table 2.9 shows that for the developed markets, two of the three pairwise correlation
series as well as the average cross-regional correlations exhibit significant upward trends.

This finding is confirmed for the sample period starting in 1994. In contrast, none of the
pairwise correlations between emerging market regions have significant deterministic time
trends and neither does the average cross-regional correlation. The upward trend in the
average correlation between all seven regions is not statistically significant, as the t-PS1

statistic of 1.51 is lower than the 95% critical value of 1.72.25

In conclusion, we detect clear differences between developed and emerging market re23
In addition, we test for the presence of shifts in deterministic trends using the Vogelsang (2001)
method explained in Section 5. Unreported results show that the pairwise correlation series of Eastern
Europe and the Middle East/Africa region has a significant level shift in March/April 1997. Whereas
over the full 1994 to 2005 period we are not able to detect any time trends, we find a significant negative
trend in the period after the break. We also detect breaks in the pairwise correlation series of Eastern
Europe and Latin America and in the correlation between the Afiddle East/Africa and Latin America.
During the periods before the estimated break dates in 2000 we find significant upward deterministic
trends in both series, but after 2000 we do not detect any time trends.
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gions. The developed European markets, Asia Pacific and North America are on average

more highly correlated than the emerging market regions and their cross-regional correlations exhibit significant upward time trends. In contrast, the average correlation between
emerging market regions does not show a significant time trend. This coincides with the

results for the cross-country correlations. Hence, whereas both developed countries and
developed regions are becoming more correlated over time, cross-country and cross-region
correlations in emerging markets do not display upward time trends.

2.7

Conclusions

In this chapter, we investigate time patterns in global market linkages and comovements
over short intervals. While some papers (Solnik and Roulet 2000, Baur, 2006) use crosssectional dispersion to make inferences on correlations, we show that when factor exposures and volatilities vary over time, one always needs a time dimension in order to

consistently estimate correlations. Hence, we propose a new nonparametric measure of
instantaneous correlations between national equity markets, based on the combination of
cross-sectional with time series data over short horizons. Our measure can be interpreted

of correlations between the assets under consideration. It allows for
monthly time variation in factor variances and exposures, while not requiring an explicit
as the average level

specification of the common factors. If we do specify the common factors, we can extract
a measure of time-varying market integration, as the fraction of total risk due to global
factors. This nonparametric measure of market integration is based solely on daily return
data. It has a clear interpretation; a more integrated (segmented) market is dominated by

global (local) factors and has an integration measure closer to one (zero). We show that
it is straightforward to estimate monthly or two-monthly correlations and integration for
a large cross. section of assets.

We examine global cross-market linkages for a sample of 24 developed countries and 26

emerging markets ranging from 1973 to 2005, which we subdivide into seven regions. We
find that both correlations and integration measures are highly time-varying for all regions
and we detect striking differences between developed and emerging market regions.
Our results show that the average level of comovements between developed markets

is higher than between emerging markets. Furthermore, comovements between developed
markets have significantly increased over the last few decades. Cross-country correlations

within regions (Europe and Asia Pacific) as well as correlations between regions exhibit
significant upward time trends. This indicates that the fraction of total risk that is

46

2.

Dispersion, Equity Returns Correlations

and Market Integration

country residual risk is declining. In addition, our results show that the global factor is
becoming more important relative to the regional risk factors. As a result, the degrees
of integration of developed European and Asian Pacific countries into the world market
display significant upward time trends.

In contrast, comovements between emerging markets have not increased over time.
Cross-country correlations either lack significant time trends (Eastern European, Asian,

Latin American emerging markets) or even exhibit downward sloping time trends (Middle East/Africa). Cross-regional correlations across emerging markets do not exhibit
significant time trends either. Furthermore, we do not detect any time trends in market
integration of these four regions. Nevertheless, we find that the fraction of systematic
variance due to global factors has increased for three out of the four emerging market
regions. Hence, while emerging markets are not becoming more integrated in the world

market due to their high country-specific risk, the systematic risk is increasingly of a
global rather than a regional nature.
We find that whereas the developed European markets integrate faster into the world

market than the Eastern European and Asia Pacific markets, the trends in the relative
importance of global and regional factors are similar for these regions. This suggests that
differences in the speed of integration are due to the changing importance of countryspecific risk rather than due to changing relative importance of global and regional risk.

The increasing relative importance of global factors is present in five out of seven regions
and it seems to be a true global phenomenon. However, only the markets that also
have decreasing country specific risk (developed European markets and Asia Pacific) are

becoming more integrated into the world market.
The increasing level of comovements between developed markets has important implications for international investment strategies as it negatively affects the regions' diversi-

fication potential. Our evidence suggests as well that extending the investment set with
emerging markets equities may deliver some of the benefits of international diversification
previously offered by developed markets, although this issue merits further investigation.
Future research involves an investigation of the determinants of market integration
and cross-country correlations. It is straightforward to perform a regression analysis of

our time series of correlation and integration measures, and investigate their relationship
to, amongst others, proxies for trade integration, financial market development, macroeconomic development, or capital barriers.
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Table 2.1: Summary statistics daily excess returns
This table reports the summary statistics of daily excess returns for our sample of 50 countries,
subdivided into seven regions, as well as for the value-weighted G50 index. The overall sample
period runs from 3 January 1973 to 28 February 2005: a total of 8389 daily return observations.
The first column reports the initial dates a country's equity index daily return becomes available.
Returns have been adjusted for holidays. The mean and standard deviation are annualized
assuming a 260-day year. Minimums and maximums are given as daily percentages ("p.d.").
The column 'wav' reports the average market value as a percentage of the total G50 market cap.
The last two columns give the weights in the G50 market index at the beginning and at the end
of the sample period.

start

date

mean

stdev

min

max

(% p.a.) (% p.a.) (% p.d.) (% p.d.)

Wav

(%)

Watart

(%)

Wend

(%)

Developed markets Europe
Austria

Jan-73

6.86

16.14

-11.63

9.22

0.10

0.03

0.30

Belgium
Denmark
Finland

Jan-73

7.27

16.65

-11.16

7.28

0.55

0.50

0.89

Jan-73

9.07

18.82

-15.66

17.28

0.27

0.13

0.48

Apr-88

11.13

29.72

-16.97

15.45

0.41

0.12

0.59

France

Jan-73

8.78

19.84

-9.06

9.28

2.48

1.06

4.78

Gerrnany

Jan-73

5.96

18.03

-11.75

7.87

4.02

3.29

3.68

Greece

Feb-90

13.92

29.28

-11.06

16.63

0.19

0.05

0.36

Ireland

Jan-73

9.54

19.14

-15.51

15.90

0.15

0.08

0.36

Italy

Jan-73

6.27

23.09

-9.65

10.82

1.39

0.73

2.54

Luxembourg
Netherlands

Feb-92

10.10

18.18

-7.66

10.60

0.07

0.02

0.11

Jan-73

8.79

17.26

-9.14

8.01

1.99

1.74

2.07

Norway
Portugal

Feb-80

8.34

23.17

-20.19

10.81

0.20

0.21

0.48

Feb-90

4.32

16.72

-7.05

8.52

0.19

0.07

0.24

Spain

9.19

19.74

-10.23

9.09

1.23

0.71

2.11

Sweden

Apr-87
Feb.82

12.12

23.36

-15.42

11.34

0.67

0.29

1.11

Switzerland

-10.52

6.77

1.57

0.94

2.67

8.21

7.65

9.14

Jan-73

7.28

16.68

UK
Jan-73
North America

7.86

18.87

-13.54

9.67

Canada

Jan-73

4.95

14.58

-10.91

9.42

2.43

0.92

3.15

US

Jan-73

5.88

15.92

-18.72

8.69

45.47

65.90

43.05

2.18

Developed markets Asia Pacific
Australia
Hong Kong

Jan-73

6.74

20.11

-26.17

8.47

1.35

1.15

Jan-73

10.69

29.84

-34.74

16.83

1.32

0.79

2.30

Japan

Jan-73

4.47

20.06

-15.97

12.21

23.88

14.78

11.09

New Zealand

Feb-88

8.52

20.02

-11.49

9.46

0.12

0.07

0.13

Singapore

Jan-73

4.40

23.48

-23.13

0.47

0.30

0.53

15.04%
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max

Market Integration

start

mean

stdev

min

date

(% p.a.)

(% p.a.)

(% p.d.)

(% p.d.)

8.66
22.80

23.37
30.33

-6.57
-15.95

24.20

0.03

0.04

Hungary

Dec-93
Jul-95

12.34

0.04

0.01

0.08

Poland
Russia

Apr-94
Jul-94

4.80

33.28

-10.94

18.53

0.04

0.03

0.09

35.80

56.77

-48.10

35.20

0.19

0.04

0.43

Slovakia

Feb-97

5.85

28.82

-11.27

8.74

0.00

0.01

0.00

Turkey

Dec-93

21.74

57.14

-23.70

25.42

0.12

0.24

0.09

Wau
(%)

Wstart

(%)

Wend
(%)

Eastern Europe
Czech Republic

0.03

Middle East/Africa
Israel

Feb»93

23.53

66.20

-10.69

215.09

0.12

0.17

0.15

Morocco

Jan-96

9.19

12.38

-4.66

5.03

0.03

0.02

0.02

Nigeria
South Africa
Zimbabwe

Jul-95

20.08

17.89

-9.91

10.82

0.01

0.01

0.02

Feb-93

8.57

22.84

-13.16

8.48

0.54

0.98

0.50

Jul-95

25.01

53.80

-93.31

16.90

0.01

0.01

0.00

Aug-93
Jul-95

10.64

25.04

-9.71

9.74

0.34

0.01

0.60

7.51

-11.32

9.64

0.31

0.57

0.40

May-90
Oct-87

2.03

25.05
46.30

-33.56

46.39

0.13

0.13

0.08

8.12

37.22

-19.41

21.55

0.66

0.24

0.94

Feb-87

7.08

28.41

-21.21

25.78

0.48

0.21

0.18

Dec-88
Jun-88

4.45

27.71

-9.27

22.43

0.13

0.03

0.04

4.06

34.37

-10.51

14.70

0.95

0.86

0.88

Fe&87

10.91

33.98

-13.99

18.01

0.22

0.04

0.18

Emerging markets Asia
China
India
Indonesia
Korea
Malaysia
Philippines
Taiwan
Thailand

Latin America
Argentina
Brazil
Chile
Colombia
Mexico

Sep-93

7.40

34.59

-28.58

16.48

0.12

0.27

0.03

Aug-94

14.84

36.29

-14.07

15.80

0.44

0.47

0.47

Aug-89
Jul-95

15.85

19.40

-5.96

9.12

0.20

0.07

0.10

4.34

18.71

-6.00

9.16

0.03

0.09

0.02

Aug-89

15.45

29.24

-18.69

15.31

0.44

0.08

0.29

Peru

Feb-94

10.32

21.01

-10.03

10.34

0.03

0.04

0.02

Venezuela

Feb»90

21.23

44.59

-51.46

22.75

0.02

0.01

0.00

G50 index

Jan-73

4.88

11.94

-9.23

7.98
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Table 2.2: Summary statistics of correlation and integration measures
The table reports summary statistics for average regional cross-country correlations, market
integration (measured as the fraction of total variance due to global factors), and the ratio of
global over systematic risk (measured as the fraction of global and regional variance due to
global factors) for seven different regions. These ratios are based on a decomposition of total
variance into global, regional and country-specific variance. Using daily excess returns on country
indices, average regional cross-country correlations are estimated for every month. The other two
variance ratios are estimated for every two-month period. The sample runs from January 1973 to
February 2005 (386 monthly observations) for the three developed market regions, while it starts
in December 1991 for the Eastern European markets, February 1993 for Middle East/Africa,
February 1987 for emerging markets Asian markets and August 1989 for Latin America. The
last column reports the number of estimates, N.

kurt N

mean

rnedian

stdev

min

max

Developed mkts Europe

0.393

0.381

0.152

0.080

0.885

0.372

2.653

386

North America

0.796
0.432
0.315

0.816

0.097

0.408

0.975

-1.054

4.307

386

0.427
0.299

0.135

0.137

0.814

0.273

2.805

386

0.120

0.098

0.714

0.739

3.254

135

0.294
0.312

0.249
0.301

0.138

0.102

0.760

1.076

3.392

145

0.132

0.063

0.807

0.668

3.415

217

0.357

0.344

0.126

0.094

0.840

0.624

3.735

187

193

skew

Correlation

Developed mkts Asia Pacific
Eastern Europe
Middle East/Africa
Emerging mkts Asia
Latin America

Integration
Developed mkts Europe
North America
Developed mkts Asia Pacific

Eastern Europe

Middle East/Africa
Emerging mkts Asia
Latin America

0.208

0.190

0.137

0.002

0.655

0.845

3.335

0.518

0.554

0.204

0.037

0.828

-0.554

2.370

193

0.187
0.092

0.172

0.124

0.000

0.655

0.948

4.207

193

0.066

0.077

0.000

0.297

1.001

0.066

0.050

0.051

0.000

0.187

0.625

3.252 67
2.277 72

0.090

0.074

0.080

0.000

0.341

1.255

4.409

0.129

0.109

0.106

0.001

0.473

1.349

4.849 93

108

Global / systematic risk
Developed mkts Europe

North America
Developed mkts Asia Pacific
Eastern Europe
Middle East/Africa
Emerging mkts Asia
Latin America

0.472
0.637
0.395

0.484

0.194

0.012

0.834

-0.276

2.356

193

0.721

0.230

0.051

0.937

-0.826

2.599

193

0.395

0.198

0.000

0.869

0.081

2.602

193

0.266

0.268

0.174

0.000

0.672

0.335

0.231

0.224

0.166

0.001

0.590

0.460

2.280 67
2.127 72

0.253
0.337

0.238

0.174

0.000

0.697

0.510

2.650

0.359

0.205

0.003

0.832

0.206

2.198 93

108
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Table 2.3: Autocorrelation structure of estimated average correlation and integration
estimates
The table reports the autocorrelation at 1 to 12 lags of the following three variance ratios
for each of the seven regions: average regional cross-country correlations, market integration
(measured as the fraction of total variance due to global factors), and the ratio of global over
systematic risk (measured as the fraction of global and regional variance due to global factors).
The regional average cross-country correlations are estimated at a monthly frequency, while the
other two variance ratios are estimated for two-month periods. The sample period starts in
January 1973 for developed markets, in February 1987 for East-Asia, August 1989 for Latin
America, December 1991 for Eastern Europe and February 1993 for the Middle East/Africa.

Autocorrelation lag
1

2

3

4

6

12

0.465
0.245
0.329
0.232
0.657

0.361

0.320

0.310

0.303

0.175

0.206

0.124

0.143

0.146

-0.025

0.250

0.170

0.194

0.200

0.110

0.244

0.221

0.035

0.096

0.084

0.633

0.629

0.651

0.554

0.437

0.399

0.328

0.259

0.189

0.222

0.125

0.304

0.243

0.268

0.159

0.094

0.189

0.506
0.595
0.377
0.275
0.050
0.073

0.413

0.484

0.179

0.596

0.531

0.405

0.323

0.334

0.349
0.636
0.161

0.294

0.562

0.176

0.114

0.301

0.158

0.202

0.047 -0.049

-0.095

0.021

0.232

0.275

0.041

0.142

-0.203

0.506

0.404

0.410

0.418

0.258

0.105

0.389
0.653
0.433
0.221
0.039
-0.005
0.554

0.328

0.437

0.342

0.281

0.200

0.622

0.643

0.600

0.444

0.349

0.301

0.672
0.234

0.206

0.181

0.232

0.053

0.125

0.032

0.072

-0.040

0.173

-0.055

0.102

-0.153

0.220

0.146

0.146

0.153

-0.121

0.543

0.543

0.459

0.358

0.205

Correlation
Developed mkts Europe
North America
Developed mkts Asia Pacific

Eastern Europe
Middle East/Africa
Emerging mkts Asia

Latin America

Integration
Developed mkts Europe
North America
Developed mkts Asia Pacific

Eastern Europe

Middle East/Africa
Emerging mkts Asia
Latin America

-0.130 -0.007 -0.278

Global / systematic risk
Developed mkts Europe
North America

Developed mkts Asia Pacific
Eastern Europe
Middle East/Africa
Emerging mkts Asia
Latin America
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Table 2.4: Unit root tests
The table presents the unit root tests for the time series of correlation and integration measures
and the ratio of global over systematic risk for each of the seven regions. The Augmented Dickey
Fuller test is performed with and without deterministic trend and with intercept with one lag.
The p-values are given in brackets. Correlations are estimated at a monthly frequency, while
the other two variance ratios are estimated for two-month periods. The sample period starts
in January 1973 for developed markets, in February 1987 for East-Asia, August 1989 for Latin
America, December 1991 for Eastern Europe and February 1993 for the Middle East/Africa.

intercept

t-stat

intercept

and trend

p-value

t-stat

pvalue

Developed mkts Europe
-2.39 (0.017)
North America
-0.87 (0.333)
Developed mkts Asia Pacific -2.06 (0.038)
Eastern Europe
-1.27 (0.186)

-8.30
-10.22
-9.60
-5.48
-3.58
-6.59
-6.76

(0.000)
(0.000)
(0.000)
(0.000)

-2.19 (0.028)
-1.43 (0.143)
Developed mkts Asia Pacific -2.56 (0.011)
Eastern Europe
-1.17 (0.220)
Middle East/Africa
-2.43 (0.016)
Emerging mkts Asia
-2.74 (0.007)
Latin America
-1.90 (0.055)

-5.31
-4.41

(0.000)
(0.000)
(0.000)
(0.035)
(0.000)
(0.000)

Developed mkts Europe

-8.12
-3.96
-6.87
-4.69
-6.31
-6.14
-4.10

Correlation

Middle East/Africa
Emerging mkts Asia
Latin America

-1.69 (0.087)
-2.21 (0.026)

-1.78 (0.072)

(0.008)

(0.000)
(0.000)

Integration
Developed mkts Europe

North America

-6.03
-3.07
-6.32
-5.47
-3.82

(0.004)

Global / systematic risk

-6.13 (0.000)
-3.97 (0.002)
Developed mkts Asia Pacific -5.86 (0.000)
Eastern Europe
-3.90 (0.004)
Middle East/Africa
-6.08 (0.000)
Emerging mkts Asia
-5.69 (0.000)
Latin America
-3.11 (0.029)

North America

(0.000)
(0.012)
(0.000)
(0.002)
(0.000)

(0.000)
(0.009)
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Table 2.5: Test for deterministic trend, allowing for serial correlation
This table reports the estimated deterministic linear trends in the time series of correlation and
integration measures and the ratio of global over systematic risk for the seven regions. The
correlation measure is estimated at a monthly frequency and the other two variance ratios are
estimated at a two-monthly frequency. The trend estimates are multiplied by 105. Below the
estimated trend the Vogelsang (1998) t-PS 1 statistic is given in square brackets. This statistic
is robust for various forms of serial correlation. The 95% critical value is & 1.720. ** denotes
significance at a 5% level. The appropriate value of constant b that is used is 0.716 (see Vogelsang
1998, Table II(i)). The sample period starts in January 1973 for developed markets, in February
1987 for East-Asia, August 1989 for Latin America. December 1991 for Eastern Europe and
February 1993 for the Middle East/Africa.

Developed mkts Europe

North America

Correlation
52.574**

Integration

Global / systematic risk

112.887**

166.070**

[3.2801

13.0981

[2.8481

1.504

-83.836

-121.414

[0.1171

[-0.220]

[-0.2211

27.845**

90.286**

175.477**

[2.0831

[2.861]

4.585

126.084

[2.2021
352.818**

Middle East/Africa

10.0781
-253.184

11.3951
-8.568

243.517

1-1.3321
-26.346

[-0.2441

[1.512}

Emerging mkts Asia

22.313

107.567**

[-0.3811

[0.643]

[2.040]

Latin America

-51.365

184.097

494.678**

[-1.248]

[1.104]

[1.852]

Developed mkts Asia Pacific
Eastern Europe

[1.919}
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Table 2.6: Test for a shift in intercept and/ or in deterministic trend
This table reports the results of tests for shifts in intercepts and/ or deterministic linear trends
in the time series of correlation and integration measures and the ratio of global over systematic
risk. First, the break date is estimated using the extremum statistic of Andrews (1993), using
10% trimming. Then, we employ the Vogelsang (2001) procedure to test for a shift in intercept
(model 1), in linear trend (model 2) and in intercept and trend (model 3). These tests are
robust for various forms of serial correlation. We report the estimated break dates and the
Ps1 statistics (in square brackets). The 95% critical values are rE4.205, rES.387 and :£5.312 for
models 1 to 3 respectively. These values and the appropriate value of constant b can be found
**
denotes significance at the 5% level. Results are reported for
in Vogelsang (2001) Table 4.
the seven regions.

Model

Model

1

2

Model 3

Correlation
Developed mkts Europe

Feb-92

Jul-00

Jul-92

North America

[1.0931
Jun-96

[0.0221
Nov-01

[1.8731
Jun-96

[0.2281

[0.0251

Developed mkts Asia Pacific

Jul-97

Apr-96

[0.1791
Jan-83

[0.3281

Eastern Europe

Nov-03

[0.3221
Jan-95

[1.0901
Feb-95

[0.320]
Nov-96**

10.494]
Jun-95**

[132.440]
Dec-88

[0.117]

Middle East/Africa

Jun-95**

[125.1781

[8.8401

Emerging mkts Asia

Nov-88

Dec-88**

[3.9411
Jun-97

[4.072}

[4.0841

Latin America

Jun-03

Sep-01

[0.201]

10.0181

[0.752]

Integration
Developed mkts Europe

Jul/Aug

00

Jan/Febr 92

92

Nov/Dec 95

90

Jul/Aug 92

03

Nov/Dec 98

[0.0001

[0.4011

97

Nov/Dec 99

Jul/Aug 95

[0.237}

[0.0141

03

May/Jun 02 Mar/Apr 03

91

[1.326]

North America

Jul/Aug

Nov/Dec 95**
16.609]

Jul/Aug
[1.4111

Developed mkts Asia Pacific

Jul/Aug

92

Jul/Aug

Eastern Europe

Nov/Dec 98

Jul/Aug

Middle East/Africa

Jul/Aug

Emerging mkts Asia

Mar/Apr

Latin America

Nov/Dec 96

[1.1221

[4.0281

[l.5741

[0.9941

[0.1011
[0.7841
[0.5961

[0.499]

[2.568]

[0.0331

[0.5321

[0.4461

Jul/Aug
10.0631

98

Jul/Aug 97
[0.127]
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Model

1

Market Integration

Model 2

Model 3

Jan/Feb 82

Nov/Dec 91

[0.4851

[1.8301

Global / systematic risk
Developed markets Europe

Jul/Aug

91

[1.961]

North America

Nov/Dec 95** Jul/Aug 92 Sep/Oct 95**

Developed markets Asia Pacific

Sep/Oct 95** Jan/Feb

[8.3441

12.9001

16.9761

91

Nov/Dec 89

[4.2811

[2.4141

[4.235]

Eastern Europe

Nov/Dec 98

Jan/Feb 98

Nov/Dec 98

[0.0931

10.918]

[1.714]

Middle East/Africa

Jul/Aug 97

Nov/Dec 98

Jul/Aug 97

[1.765]

[2.711]

[3.1211

Emerging markets Asia

Mar/Apr 03

Sep/Oct 02

Mar/Apr 03

[0.0921

10.077]

[0.088}

Latin America

Nov/Dec 96

Jul/Aug 98

Nov/Dec 96

[0.662]

10.043]

[0.658}
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Table 2.7: Test for deterministic trends before and after break dates
This table reports the Vogelsang (1998) tests for deterministic trends for sub-sample periods. We
only consider series that have significant breaks in the level, slope or both (based on models 1,2
and 3 of the Vogelsang (2001) methodology). The break date is estimated using the extremum
statistic of Andrews (1993), using 10% trimming. We perform tests for the sample periods before
and after the estimated break date, with a minimum of 30 observations. This table reports the
estimated deterministic trends for the sub-sample periods. These estimates are multiplied by
105. Below the estimated trend the Vogelsang (1998) t-PSi statistic is given in square brackets.
The 95% critical value is =El.720. ** denotes sigliificance at a 5% level.
estimated break date

sub-sample period

Emerging mkts Asia

Dec-88

Jan-89 to Feb-05

33.233

Middle East/Africa

Jun-95

Jul-95 to Feb-05

Il.095]
-39.422**

Nov-96

Feb-93 to Nov-96

-736.224

Dec-96 to Feb.05

-41.848**

trend·105

Correlation

[-3.1551

[-1.207]
[-2.4111

Integration
North America

Nov/Dec 95

Jan-73 to Dec 95

-326.262**

Jan-96 to Feb-05

179.908

[-3.0481

Global

/ systematic risk

North America

Nov/Dec 95

[0.6111

Jan-73 to Dec 95

-422.664

Jan-96 to Feb-05

I-3.7611**
323.490
[1.280}
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Table 2.8: Test for common deterministic trends
This table reports the results for the tests for equality of deterministic trends using the Vogelsang
and Fransens (2005) t; test statistic. The test requires that the series have significant trends
for the overlapping sample period and that they are trend-stationary. The critical values can
be found in Table 1 of Vogelsang and Fransens (2005), the 95% critical value is r25.222. We
test hypotheses of the form Ho: trendi = trend2 where trendl and trend2 are the estimated
deterministic trends of two regions. The table reports the null hypothesis, the relevant sample
period, the estimated trends of both regions (multiplied by 105) and the t1 statistic (in square
*
brackets). ** and denote significance at the 5% and 10% levels. These tests are performed
for correlation and integration series, as well as for the ratio of global risk over total systematic
risk.

Ho

sample period

Correlation
trend devEur

trendi('1Ob) trend2('10') t;

=

trend AsiaPac

Jan-73 to Feb-05

52.574

27.845

[5.927]**

=

trend AsiaPac

Jan-73 to Feb-05

112.887

90.286

&4.069]*

Jan-73 to Feb-05
Jan-94 to Feb-05

166.070
431.791

175.477
352.818

[-1.0911

Integration
trend devEur

Global / systematic risk
trend devEur
trend devEur

=
=

trend AsiaPac
trend EastEur

[1.6231
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Table 2.9: Robustness check: average realized pairwise correlations
This table reports the results for an alternative measure of monthly cross-country correlations.
For each region, the monthly pairwise realized correlations arc calculated, based on the daily
excess returns within the month. Then, an equally weighted average is calculated over all
pairwise correlations within the region for that month. The sample is the same as in previous
tables. Panel A reports the summary statistics and Panel B reports the results of the Vogelsang
(1998) test for deterministic trends. The trend estimates are multiplied by 105. The last column
shows the Vogelsang (1998) t-PS1 statistic is given in square brackets. The 95% critical value is
rll.720. ** denotes significance at a 5% level.
Panel A: Summary statistics
mean
median
stdev
min

max

skew

kurt

Dev. mkts Europe

0.381

0.385

0.161

-0.021

0.912

0.097

2.702

North America
Dev. mkts Asia Pacific

0.567
0.265
0.157

0.610
0.261

0.196

-0.208

0.914

-0.869

3.518

0.174

-0.122

0.804

0.305

2.868

0.138

0.131

-0.267

0.522

0.168

3.107

0.031

0.025

0.106

-0.261

0.400

0.631

4.259

0.169

0.163

0.125

-0.156

0.626

0.541

3.493

0.176

0.160

0.161

-0.201

0.661

0.510

3.269

Eastern Europe
Middle East/Africa
Emerging mkts Asia
Latin America

Panel B: Tests for deterministic trends

trend(·105) t-PSi
Dev. mkts Europe

78.878

North America
Dev. mkts Asia Pacific

9.417
67.854
158.751
-38.581
26.799
97.347

Eastern Europe

Middle East/Africa
Emerging mkts Asia
Latin America

[3.3341**
[0.3691

[3.3321"
[1.8821**
[-1.4111
[0.8841
[0.9901
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Table 2.10: Cross-regional correlations
The table reports summary statistics and tests for trends for cross-regional correlations. The
average cross-regional correlations are estimated every two months nonparametrically, using
daily excess returns. Different regions are allowed to have different exposures to the global factor
and different regional factors. The table reports pairwise correlations as well as the average
correlation between the developed market regions between January 1973 and February 2005.
The correlations between the emerging market regions and the average correlations between all
seven regions are estimated for the period from January 1994 to February 2005. Next to the
summary statistics the table reports estimated deterministic trends using the Vogelsang (1998)
method. These trend estimates ("tr") are multiplied by 105. Below the estimated trend the
Vogelsang (1998) t-PS1 statistic is given in square brackets. The 95% critical value is *1.720.
** denotes
significance at a 5% level.

Developed market regions: Jan 73 - Febr 05
devEurdevEurAsiaPacavg.
NorthAm AsiaPac NorthAm

mean
median
stdev

All: Jan 94 - Febr 05

0.43

0.50

0.35

0.43

nnean

0.42

0.45

0.53

0.38

0.43

median

0.43

0.23

0.20

0.21

0.18

stdev

0.13

193

193

193

193

tr(·105)

105.77

95.92

99.68

100.45

tr(·105)

t-PS 1

[1.34]

[1.781**

12.391-

t-PSi

N

EastEurMEAfr

[2.501*

I

N
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Emerging market regions: Jan 94 - Febr 05
EastEur- EastEur- emAsiaLatAmemAsia
MEAfr
LatAm
MEAfr

362.23

[1.511

LatAm-

avg.

emAsia

mean

0.29

0.35

0.37

0.29

0.30

0.36

0.33

median

0.29

0.38

0.36

0.32

0.34

0.40

0.31

stdev

0.23

0.22

0.24

0.21

0.23

0.19

0.16

67

67

67

67

67

67

67

457.65

491.32

642.96

63.03

296.58

177.00

354.76

10.831

Il.521

[1.31]

[0.381

[0.54]

[0.791

[0.951

N

tr(·105)
tips 1
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Figure 2.1: Nonparametric estimates of time-varying cross-country correlations
The figure plots the monthly regional average cross-country correlation estimates based on daily
returns of 50 countries. We consider seven regions, that have different sample lengths.
The sample period starts in January 1973 for developed markets, in February 1987 for East-Asia,
August 1989 for Latin America, December 1991 for Eastern Europe and February 1993 for the
Middle East/Africa. The bold line represents the 12-month moving average.
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Figure 2.2: Variance decompostion: global, regional and country risk
The figure displays a decompositions of the total country variance into variance due to global
factors, regional factors and country residual variance. The global factor is the value-weighted
G50 index. The regional factors are the value-weighted regional index returns that have been
orthogonalized to the global index return. Country risk is the residual risk. Factor variances
and exposures are allowed to change over time and are estimated using daily excess returns over
two-nionth periods for 50 countries from seven different regions. The sample period starts in
January 1973 for developed markets, in February 1987 for the emerging Asian markets, August
1989 for Latin America, December 1991 for Eastern Europe and in February 1993 for the Midle
East/Africa. The areas are based on 12-month moving averages. The dark grey area represents
the fraction of total variance due to global factors. This is a measure of the integration of
the countries of that region into the world market. The dark grey and white areas combined
represent the fraction of total variance due to systematic risk, which is equal to the average
cross-country correlations within the region.
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Figure 2.3: Correlation versus cross-sectional dispersion for developed markets Europe
The upper panel shows the one-month estimates of the average correlation between the developed
markets in Europe. The lower panel shows the one-month estimates of the average country
residual risk of the countries in this region, based on cross-sectional dispersion. The bold lines
represent the 12-month moving averages.
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Figure 2.4: Time-varying average cross-regional correlations
The first plot displays two-month estimates of average cross-regional correlations for the three
developed market regions starting January 1973. The second plot displays cross-regional correlations of the four emerging market regions and starts in January 1994. The third plot displays
the average correlations between all seven regions, starting in January 1994. Different regions
can have different exposures to the global factor and different regional factors.
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Chapter 3
International Portfolio
Diversification
Currency, Industry and Country Effects
Revisited
3.1

Introduction

Although the benefits of international diversification arising from the relatively low level
of correlation among national equity markets are now well documented (e.g. Solnik, 1974,

Elton and Gruber, 1992, De Santis and Gerard, 1997), the issue of which factors drive
these correlations remains controversial among both academics and professional portfolio
managers. This chapter revisits the relative importance of country and industry effects on

cross-country returns, but, in contrast to the large extant literature, explicitly considers
the role of currency exposure in conjunction to local equity risk and industry structure.

We attempt to disentangle the respective impact of these three factors on international

portfolio diversification strategies in the seven major developed economies over the past
30 years.

We conduct our investigation from a portfolio perspective. We propose a new test to
measure and evaluate the statistical significance of the diversification gains of some port-

folio strategies over others. Our test provides a direct comparison of the mean variance
efficiency of two optimal portfolios by comparing their Sharpe ratios. Our test is designed
to evaluate the benefits of alternative portfolio strategies constructed from the same set

of primitive assets. No-short sales constraints and conditioning information can be easily incorporated. This test also yields a measure of the diversification gains of including
currencies in international portfolios. Furthermore it has wide applicability beyond the
empirical issue investigated in this chapter. To complement the efEciency tests we per-

form a style analysis in which we assess performance in terms of the ability of a set of
65
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portfolios to replicate the returns of other strategies. Such tests provide evidence about,
for example, the extent to which country portfolio returns variance is explained by the
country's industry structure. Whereas mean-variance efliciency tests are a function of
both mean returns and variances, style analysis is based on the covariance structure only.

This is a clear advantage of style analysis, as it is typically more difficult to accurately
estimate means than variances.
We first consider the relative importance of country and industry effects by comparing

the performance of country- and global industry-based portfolios.

Our unconditional

results indicate that in terms of mean variance efficiency, country and industry portfolios
perform similarly. There are no significant differences between their maximum Sharpe

ratios, with or without no-short sales constraints.
To account for predictable variations in expected returns, volatility and correlations,
we expand our analysis to consider strategies conditioned on a subset of the information
that investors can use to manage their portfolios. In this case we detect a clear industry
outperformance. The maximum annualized Sharpe ratio of unconstrained managed industry portfolios is significantly larger than that of country portfolios: 1.78 versus 1.20.
However, this outperformance of the dynamic industry portfolio hinges on the ability to
take short positions and disappears when no-short sales restrictions are imposed. In this

case country and industry managed portfolios have comparable Sharpe ratios of 0.70 and
0.80 respectively.

Both the unconditional and conditional style analyses indicate that countries are better able to mimic industries than vice versa, even when the country indices exclude all
stocks from the industry that is replicated. For investors that are not allowed to take
short positions, such as mutual funds, country-based strategies perform at least as well
industry-based strategies. However, investors that are not subject to long-only constraints, such as hedge funds, may achieve superior performance in terms of mean-variance
as

efliciency by investing in actively managed global industry portfolios.
Secondly, we examine the role of currency risk by analyzing the performance of country, industry and world portfolios when currency deposits are included as distinct assets.

According to Adler and Dumas (1980), the risk premium on currency deposits is compensation for currency risk. Dumas and Solnik (1995) and De Santis and Gerard (1998)
show that currency risk premiums can only be detected in a conditional framework. In-

deed, while our unconditional tests do not report outperformance of portfolios including
currency deposits, we show that with monthly portfolio rebalancing, managed currency
deposits add substantial diversification and return enhancement benefits to international
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portfolios. Strikingly, adding currency deposits to managed country or industry portfolios
doubles their annual no-short sale Sharpe ratios. For country-based portfolios the annual
Sharpe ratios increases from 0.70 to 1.51 and for industry-based portfolios the increase
is from 0.80 to 1.55. Moreover, style analyses which include currency deposits among

the benchmark assets provide significantly improved replications of international portfo-

lio strategies. In sum, currency deposits are crucial in order to achieve optimal portfolio
performance. The benefits from adding currencies to a portfolio may arise from positive
expected excess returns on currency deposits as well as from the currency risk exposure
of equity returns and hedging benefits of combining equities and currencies.

All our results are robust over the three 10-year non-overlapping sub periods in our
sample, which shows that they are not sub-sample specific. To the contrary, we find
that the gains from investing in currency deposits are persistent over time: the addi-

tional diversification benefits from including currencies in an international portfolio are
as substantial in the 70s and 8Os, in the 90s as in recent years.
The role of industrial structure in explaining cross-country return differences and co-

variability was first investigated by Lessard (1974). Renewed attention to the issue and a
voluminous literature was sparked by the work of Roll (1992), Heston and Rouwenhorst
(1994) and Griffin and Karolyi (1998). Indeed, the debate on the relative importance of

country and industry factors in international equity returns is still ongoing.1 With the

exception of Roll (1992), papers comparing country and industry factors typically do not
assess the role of currency risk explicitly. However, it is now well established that exposure to currency risk is a major determinant of international equity returns. 2 Using three
years of daily data for 24 countries over the 1988 to 1991 period, Roll (1992) finds that

approximately 40% of country returns volatility is explained by industry factors, while
approximately 20% is attributable to exchange rate changes.
The typical approach to examine the relative importance of country and industry
effects builds on a factor model. The methodology first proposed by Heston and Rouwen-

horst (1994) and later modified by Griffin and Karolyi (1998) is based on regressions using
country and industry dummies as regressors. However, this approach assumes a unit exi Some

papers provide evidence in favor of country factor dominance (amongst others, Grinold, Rudd
and Stefek, 1989, Drummen and Zimmerman, 1992, Heston and Rouwenhorst, 1994, Griffin and Karolyi,
1998, Brooks and Del Negro, 2004, Bekaert, Hodrick and Zhang, 2005, Ehling and Ramos, 2006), while
other papers conclude on the increasing importance of industry factors (e.g. Cavaglia, Brightman and
Aked, 2000, Isakov and Sonney, 2004, Baele and Inghelbrecht, 2005).
2 See for example Dumas and Solnik (1995), De Santis and Gerard (1998), De Santis, Gerard and
Hillion (2003), Dahlquist and Sallstrom (2002), Chang, Errunza, Hogan and Hung (2005).
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posure to the global market shock, which may lead to biases in comparing country and

industry factors (Baele and Inghelbrecht 2005). Moreover, it does not explicitly include
currency risk into the analysis.
This chapter contributes to the existing literature by examining the relative importance of country, industry and currency risk ef[ects on international equity returns. We

investigate the issue from an investor's perspective and rather than estimating a factor
model we use efficiency tests and style analysis to compare the benefits to investors of different international diversification strategies. The chapter proceeds as follows. Section 3.2
develops the empirical framework and introduces our new test. Section 3.3 describes the

data. Section 3.4 reports the performance evaluation in terms of diversification benefits

of the different portfolios in both a static and a dynamic framework. Section 3.5 discusses
our alternative methodology, the style analysis. Section 3.6 presents the robustness check
for three sub periods and Section 3.7 concludes. Appendix 3.A details the derivation of
some econometric results and Appendix 3.B explains the Monte Carlo simulations for
differences in the style regressions' average R2s.

3.2

Empirical framework

To investigate the relative importance of country and industry factors as determinants of
international equity returns, we take a portfolio perspective, i.e., we compare the performance of country and industry equity portfolios. Consider L countries and N industries.

Although investors can in principle invest in the full set of L x N local industry returns
in all countries, we focus on L country returns and N global industry returns. Optimally
diversifying over all L x N local industry returns may lead to a better in-sample portfolio performance than diversifying over the L country or N global industry portfolios

in which the local industry or country weightings respectively are fixed. However, we
are specifically interested in whether country or industry factors dominate for optimal

international portfolio strategies. This research question can be better answered when
comparing country-based versus global industry-based investment strategies. Second, estimating optimal portfolio weights for the full set of L x N returns may be relatively
straightforward in-sample. However, in practice, for portfolio managers it is much more
challenging to estimate the out-of sample weights, as this involves the estimation of a very
large covariance matrix.

Furthermore, we investigate the role of currency risk by including a number of currency forwards in the investment universe, in addition to country, industry or world
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index portfolios. For simplicity the methodological section focuses on the comparison of
country-based versus industry-based portfolios. In the empirical section, we expand the
comparison to consider portfolios that include currency deposits.

3.2.1

Spanning tests

Suppose all differences across countries are due to differences in industrial structure. By

directly diversifying across global industry portfolios, investors should be able to achieve
optimal diversification more directly and more efficiently than by diversifying across countries, as country portfolios constrain the extent to which industry diversification can be

If country specific factors are the primary determinants of returns differences
across countries, diversifying across global industries will result in an efficiency loss.
One way to examine the relative performance of country- or industry-based portfolios
is, for instance, to analyze whether investors should invest in country or in industry
achieved.

portfolios, or whether restricting to either country or industry portfolios is suboptimal
relative to investing in both of them. The latter question comes down to testing whether
in terms of the familiar Jensen measure, industry portfolios outperform country portfolios
or vice versa. In our framework, investors can base their portfolio on a set of industries
with excess return vector rY, or a set of countries with excess return vector 4. The
combined set of assets will be denoted by the return vector rt = C rf' TA' )'. If it suffices
for an investor to invest in the set z or y only, then the intercepts ay or ax in the regressions

r

= ay -1- ByrA -1- E:,

(3.la)

4

- az + 8*1 + El,

(3. lb)

should be equal to zero. If the Jensen measure ay = 0, then investors can base their

portfolios on the countries ri' only, whereas if the Jensen measure ax = 0 investors can base

their portfolios on the industries ry only. The independent variables in these regressions
are referred to as the benchmark assets and the dependent variables are referred to as the
test assets. If the Jensen measure is different from zero, mean-variance efficiency can be

improved by extending the investment set of the benchmark assets with the test assets.

Note that if for instance the global industry indices are the benchmark assets and the
countries are the test assets, both sets have overlapping components. Hence, rather than
extending the investment set of global industries with the countries, a significant Jensen
measure aI requires changing the country weights in the global industry portfolios.

Having Jensen measures ay or az that are different from zero, indicates that portfolios
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that are

based on countries or industries only are inefficient relative to portfolios in which

countries or industries are combined. It may be the case though that portfolios that are
based on both countries and industries are indeed more efficient than portfolios based

on countries or on industries exclusively, but that there is no difference in the efilciency

of country- and industry-only portfolios. Since the interest in this research is also in
the relative efficiency of country- versus industry-based portfolios, we need a test for the
relative efficiency of two portfolios.

Sharpe ratio tests

3.2.2

If country- and industry-only portfolios are equally efficient, then the maximum Sharpe
ratios of the two sets must be equal. The maximum Sharpe ratios of set I and y will be
denoted 8. and Gy respectively, whereas the maximum Sharpe ratio of the combined set
is 0. It is well known that there is a straightforward relationship between the maximum
Sharpe ratios Ox, Ov, and 8 on the one hand and the Jensen regressions (3.1) on the other
(see Gibbons, Ross and Shanken, 1989). The increase in the maximum Sharpe ratios is

determined by the adjusted Jensen measures, using:

02 - 8: = alyni , ay,

(3.lc)

(1"QU (61

(3.ld)

82 - OV

=

where <2'i is the covariance matrix of E j in (3.1). The hypothesis of interest is whether Ox
equals

Gy·

Taking the difference of (3.lc) and (3.ld) gives

A = 4- 02 - a;,flway - a;:Riar

(3.2)

Therefore, the hypothesis that the two sets I and y are equally efficient can be formulated

a s H o:A=0.
A test for the hypothesis that

A

equals zero may be based on the weighted least squares

type regressions
fllrY

=

cy + Dyrt + uY,

(3.3a)

Q24 - 4 +Dgrt' + 4.

(3.3b)

Since this regression amounts to a simple linear transformation of the dependent variables

in the regressions in (3.1) it follows immediately that
ca

=

flyjay,

cx

=

927 ax,
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and therefore that

A = clcy - c:c..

(3.4)

Thus, the hypothesis that the two sets of assets, I and y are equally efiicient can be
tested by estimating the regression in (3.3) and testing the hypothesis that cycy 4 4 =
-

0. Since this is a single nonlinear restriction on the intercepts, a Wald test statistic
for this restriction will, under the null-hypothesis and standard regularity conditions,
asymptotically be X -distributed. Of course, in practice the test will require a two-step
estimation, where in the first step we estimate the regression in (3.1). This estimation
will yield consistent estimates of the covariance matrices R- and Qyy which in the second
step can be used to estimate the transformed regression in (3.3). Naturally, this implies

that we will have estimation error in the dependent variables in (3.3). Further since
both country and global industry portfolios include some common primitive assets, the

estimation errors are correlated. Appendix 3.A describes how consistent estimates of the
covariance matrix of the parameters c and D can be obtained, taking into account both

the estimation error in Q= and in Qw and their correlation.
The test we propose allows for a direct comparison of the optimal country and the

optimal industry portfolios in terms of mean variance efficiency. Basak, Jagannathan and
Sun (2002) also propose a direct test of mean variance efficiency of two portfolios. Their
approach compares the efficiency of the optimal portfolio of countries (industries) with
respect to a possibly suboptimal industry (country) portfolio constrained to have the same
mean return. However, this restriction is not necessarily satisfied. Moreover, evaluating

the relative the performance of the two optimal portfolios is less straightforward, as this
approach does not yield a direct comparison of the two optimal portfolios. In contrast,
our test allows the researcher to make a direct comparison between two optimal portfolios.

Further advantages are that no-short sales constraints and conditioning information can
easily be incorporated.

3.2.3

Relation spanning and Sharpe ratio tests

The spanning tests and the Sharpe ratio tests are closely related, as can be seen from
equation (3.2). In order to fully understand the different efiiciency tests it is important to
investigate how the hypotheses are related and whether there are any nested hypotheses.

For instance, if countries span industries and vice versa, is it still possible to find a
significant difference in their Sharpe ratios? This question and related questions are
answered below.
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First, we discuss to what extent we can make inferences on the Sharpe ratio test by
looking at the spanning test results. In other words, what can we conclude on A based on

in which countries are spanned by industries, i.e.,
a. = 0. This means that the mean-variance efficiency of an industry portfolio cannot be
improved by adding country returns, or equivalently, Gy = 0. Now, in addition suppose
az and ay alone? Consider a situation

that industries are spanned by countries, i.e., ay =Oand hence 8,- 0. In this situation
the Sharpe rations of the country and industry portfolios must be equal, since Gy =0= Bz.
Next, suppose that countries are not spanned by industries, but industries are spanned by
countries. In other words, investing in industries alone is inefIicient and country returns

should be added, while investing in country portfolios alone is already mean-variance
efficient and industries do not have to be added. This implies that 8 > By and 0 - ex.
Consequently, the industry Sharpe ratio must be smaller than the country Sharpe ratio,
since By <8= ez. Third, suppose that countries are not spanned by industries, and

industries are not spanned by countries either. Now we cannot make any inferences on
the outcome of the Sharpe ratio test, as 8 > Ov and 8 > Ox. This third situation clearly
illustrates the need for a Sharpe ratio test. Whereas in the first two situations inferences
on the relative performance of country- and industry-only portfolios can be made based
on the spanning tests only, in the third situation this is not possible. In order to make a

direct comparison of country- and industry-based strategies we need to perform a Sharpe
ratio test.

In addition, we discuss to what extent we can make inferences on the spanning tests
based on the outcome of the Sharpe ratio test. First consider the outcome that A - 0,
i.e.,8x = Or This situation can occur when either both countries span industries and vice
versa, or countries do not span industries and industries do not span countries. To see this,

countries are not spanned by industries, but industries are
spanned by countries. This would imply that 8 > ey and 8 - Bav. This is a contradiction,

consider the case that A -

0,

as we would have that Ov < 8* while we assumed that A - 0.
Second, consider the case when A > O, i.e., industry returns have a higher Sharpe
ratio than country returns. This can occur in two situations. First, when spanning is

rejected for both country and industry returns (since 0 > Ov and 0 > 8,: does not imply
anything for Gy versus Ox). Second, when countries do not span industries but industries
span countries, since 0 > 8* and 8 - 07 implies that 0, > 0.
This discussion illustrates that the hypotheses of the different mean-variance efficiency

tests are related. In certain cases, but not in all cases, one can make inferences on the
outcome of the Sharpe ratio tests by looking at the spanning test results only. However,
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each possible outcome of the Sharpe ratio test may arise due to various possible outcomes

of the spanning tests. Hence, to compare the relative performance of two portfolio strategies, it is important to perform both tests. In addition, in this discussion it is assumed

that short

sales are allowed and that all country or

industry tests assets have the same

set of benchmark assets.

3.2.4

Conditional strategies

Investors typically rebalance their portfolio regularly in response to changing market con-

ditions. Dynamic strategies may heighten the difference between the performance that can
be extracted from alternative sets of assets and more clearly delineate their differences.
Furthermore, several papers (see Dumas and Solnik, 1995, and Dc Santis and Gerard,
1998) suggests that the impact of currency risk on equity returns varies considerably over

time and may be difficult to detect in an unconditional framework. Conditional strategies
are easily incorporated by using managed portfolios.

Assume that K instruments zt can be used to predict asset returns, in particular the
returns on the benchmarks. It is assumed that the instruments in zt are normalized such
that
0 5 Zkt

fl,

Vk, t.

One way to normalize the instrument is to consider the transformation

0 (4 - m. )

C " ),

where mz is the mean of zt, sz is the standard deviation of zt, and *(·) is the cumulative
normal distribution function.
Since the tests described above rely on the use of excess returns, the return space can

be increased by considering returns on managed portfolios, Zk,t-17.i,t where zk,t-1 is the
value an instrument takes at time t - 1. The managed portfolio strategy implies that

each period a position with a size zte, t_i in asset i is chosen. If there are L assets and K

instruments, excluding a constant, then we have a total of (K + 1) x L assets in this way:

(Ti,t i Zk.t-iTi,t ,i=l,..., L and k=l,..., K.}
For this set of (K + 1) x L

assets we calculate the

optimal (tangency) portfolio weights.

Denote wio the weight of asset with return ri,t in the tangency portfolio and wik the weight
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of managed return lk,t-lri,t· The total position in asset i is now equal to
K

Wit - Sio

-1-

Wikzkt-1

·

(3.5)

k=1

Incorporating no-short sales constraints in the conditional analysis requires additional
steps to guarantee positive aggregate weights of the assets in the tangency portfolio. Since
we normalized the instruments to take values between zero and one only, the maximum
value of zi,t is always one, and positivity of the net position in asset i is guaranteed if
w 'o

2

0,

2,0 + wik 2 0,

(3.6)

k - 1,..., K

Wio + Wik + Wit 2 0, k. t = 1,.... K,l + k
K

2,0 + Wik

2

0.

k=1

This implies a total of 2K positivity constraints per asset. If wio plus any combination of
the wit:s is positive, then the total position in asset i will always be positive.

3.3 Data
We use monthly data on country indices for the G7 countries and for ten major (level 3)
industry indices, provided by Datastream. Monthly US dollar based returns are used for

the period from February 1975 to February 2005 (361 observations). Both the country
and the industry indices have dividends reinvested. As market values for the different
indices are also available, we construct global industry returns from the G7 country and

industry indices only as well as a value-weighted world market index composed only of
the G7 country indices. Hence in this case, the geographical span of the global industry
portfolios is exactly identical to that of the country and world indices. In addition to the
seven country and ten industry sector returns, we use returns on a value-weighted world

index and on the forward contracts for the different currencies. The forward returns are

constructed from the exchange rates and one-month Eurocurrency rates.
Summary statistics of the returns for the seven countries, ten industry sectors and
seven currency deposits are reported in Table 3.1. These show that the country indices
have somewhat higher mean returns than the industry indices, but the standard deviations
appear to be somewhat higher as well. The p-values for the Wald test statistics that the

3.4. Diversification effects

75

mean returns are equal to zero show that this hypothesis is easily rejected for both the

countries and the industries. The hypothesis that the mean returns are equal cannot be
rejected for either the countries or the industries or the combined set. Therefore, according
to those tests, the cross-sectional variation in the mean returns is not very high, neither

within the sets of countries and industries nor between the two sets. For the currency
deposits, the Canadian Dollar and the German Mark have noticeably lower mean returns

than the other currencies. The Pound Sterling has the highest average return.
Next we examine the average correlations of each country, industry and currency with
the set of countries, industries and currencies respectively. Thus, the third column shows
the average correlation of each individual index with the seven country indices. The
correlation of each index with itself is always excluded from the mean. Similarly, the

fourth and fifth columns show the average correlation of each individual index with the
ten industry portfolios and with the currency deposits. As our sample contains three
Euro-zone countries, we use the Japanese Yen, the Pound Sterling, the Canadian Dollar
and the spliced series of the German Mark up to January 1999 and the Euro thereafter to

compute the correlation with the currencies. The table shows that the average correlation
between the country returns is noticeably lower than the average correlation between the

industry returns, while the difference in mean returns between countries and industries
is small. This suggests that differences between countries are more pronounced than differences between industries and cross-country strategies may provide more diversification
opportunities. Lastly, the correlations between currency forward returns and country or

industry returns are of similar magnitude and they are typically less than half the average
correlation between country and/or industry returns.

3.4

Diversification effects

In this section we analyze whether the differences in the characteristics between country
and industry returns and currency deposits also translate into portfolio differences by e»
amining the performance of country- and industry-based portfolios. In order to investigate
more explicitly the role of currency risk, we also consider portfolios that include a number

of foreign currency deposits. A straightforward alternative to country- or industry-based
portfolios are the portfolios suggested by the International CAPM (ICAPM) (Sercu, 1980,
Adler and Dumas, 1983) and its empirical implementations (Dumas and Solnik, 1995, De
Santis and Gerard, 1998): the world portfolio and a number of foreign currency deposits.
If the ICAPM is a valid pricing model, then neither industries nor countries should be
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able to outperform the world portfolio and foreign currency deposits.

The maximum

Sharpe ratio that can be obtained with the ICAPM portfolios should be no worse than

the maximum Sharpe ratio that can be obtained with either the country or the industry

portfolios. Moreover, since there is no reason for the industry and country portfolios to
constitute efficient portfolios, it may very well be the case that the ICAPM portfolios

outperform the country or the industry portfolios.
Our specification of the ICAPM uses the value-weighted portfolio of the G7 countries
as the world portfolio plus three currency deposits: the British Pound, the Japanese

Yen and the spliced series of the Deutschemark (up to January 1999) and the Euro
(thereafter). The Canadian Dollar is excluded because of its high correlation with the US
Dollar. Similarly, because of the fact that the Deutschemark, the French Franc, and the
Italian Lira are all highly correlated and stem from Euro-zone countries, we only use one
of those currencies in our ICAPM (see also De Santis, Gerard, and Hillion, 2003). Thus,
according to our specification of the spanning tests, we should have that for each asset
with excess return r i.t, the intercept a, in the regression
3

ri,t = CY, + dir:' + E 8ijfj,t + Ei,t

(3.7)

j=1

is zero. Here r;" is the excess return on the world portfolio and fj.t are the forward returns
on the currency deposits. The performance of the ICAPM-based portfolio is affected by

both the world index and the currency deposits. As we are interested in the relative impact
of country, industry and currency effects, we also consider country and industry portfolios
in combination with the currency deposits as well as the passive world benchmark.

3.4.1

Unconditional efficiency tests

Spanning tests

A sufficient condition for a country-based portfolio to be efficient for the entire set of
country and industry indices, is if the country indices span the industry indices. In the

of excess returns this comes down to a zero Jensen measure of each of the industries
relative to the seven country indices. Similarly, a zero Jensen measure of each country
case

relative to the ten industries is a sufficient condition for the existence of an industry
portfolio that is efficient for the entire set of indices. Panel A of Table 3.2 shows the Jensen
measures of each industry relative to the seven countries and the Jensen measures of each
country relative to the ten industries. We find that none of the individual Jensen measures
is significant. Panel B reports p-values associated with the spanning test-statistic, i.e. a
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test of whether all Jensen measures are jointly equal to zero. These p-values confirm the

results of Panel A: the industries do not outperform the countries and the countries do

not outperform the industries either. Thus, this first test suggests that it does not matter
whether an investor constructs a portfolio from industries or from countries. When a

portfolio is constructed from countries (industries), its unconditional Sharpe ratio cannot
be improved upon by changing the industry (country) weights.
We extend the analysis by considering the world portfolio and three currency deposits
as well. We cannot reject the hypothesis that the ICAPM portfolios span the countries,

i.e., we cannot reject the validity of the (unconditional) ICAPM, which follows from the
p-value of 0.505. By the same token, countries span the unconditional ICAPM portfolios,

as is shown by the p-value of 0.559.3 This suggests that investors are indifferent between

an investment in the ICAPM portfolios and an investment in the country portfolios.
In principle of course, the countries should be able to mimic the world portfolio. To
see whether this is indeed the case, we repeat the same tests for the countries versus the
world portfolio, excluding the currency deposits. In this case again, neither the hypotheses
that the countries span the world portfolio or that the world portfolio spans the country

portfolio can be rejected. This suggests that the world portfolio is efficient relative to the
country portfolios.

In contrast, neither the world portfolio nor the ICAPM portfolios is efficient with
respect to the global industry portfolios. In both tests spanning is rejected at a 10%
significance level. On the other hand, while global industry portfolios do span the ICAPM
portfolio, they fail to span the world portfolio alone. The spanning test reports that
currencies do not have to be added to the investment set, as they are spanned by countries,

industries and the world portfolio.

Investing in the optimal portfolios used for the spanning tests can require substantial
short positions, which may not always be implementable in realistic investment settings.
It is also well known that the tangency portfolios computed on the basis of a particular
sample historical mean returns and covariance matrix often yields extreme long and short
positions (e.g. Jagannathan and Ma, 2003). Therefore, we repeat our spanning tests

imposing no-short sales constraints. Notice that in Panel A the stocks that were included

in the country test asset were also included in the industry benchmark assets. Therefore,
a negative Jensen measure for a country implied that the industry-based portfolio was
3
More precisely, we cannot reject the null hypotheses of mean-variance spanning. For ease of exposition
we refer to this as "assets z span assets y"
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underweighted with respect to that country. A similar reasoning applies when industry
portfolios are test assets. So we cannot infer from negative Jensen measures that short

positions should be taken in the test asset. Hence, in order to impose no-short sales
constraints, we first remove overlapping components between test and benchmark assets.
Since the Datastream industry indices as well as their market value are available at
the country level, for each country and industry, we recompute the G7 industry indices

excluding each country's component and country indices excluding each industry's component. Hence, when we regress for instance Canada on the global industry indices, none
of the global industry indices will include Canadian stocks. All our recomputed indices
are value-weighted across their remaining components. We then replicate the spanning
tests for industries and countries imposing no-short sales constraints. Notice that this

joint test is not

spanning test in the traditional sense (e.g., Huberman and Kandel,
1987, DeRoon, Nijman, and Werker, 2001), since the benchmark assets are different in
a

each regression (i.e., each regression excludes a different industry).
Denoting the return of country i excluding industry j as ri,7 and the return of industry

j

excluding country i as r jw,ti', our tests are now based on the following regressions:
L

rf,t = aj -1- F bijr:I>j -1- Elt,

(3.88)

i=1

N

'ft

=

rL

Y\,

1

ai + ,2.-' ujirj.t + Ei.t :

(3.8b)

j=1

where L is the number of countries and N is the number of industries. When the world
portfolio is (part of) the benchmark, the country or industry test asset is excluded from
the world portfolio. On the other hand, we cannot perform these exclusions when the
world portfolio is the test asset, as all countries or industries combined are the assets in
the world index. The currency deposits are not affected by these exclusions, as they do
not have components in common with other portfolios.
Since in the Jensen regressions (3.8) the test assets and the benchmark assets are

mutually exclusive we are now able to incorporate no-short sales constraints in these
regressions. We follow the procedure outlined in DeRoon, Nijman, and
Werker (2001) to
incorporate short sales constraints on both the test assets and the benchmark assets in
each of the regressions in (3.8). As currency deposits are in practice easy to short, they
are not subject to no-short sales constraints. Panel C of Table 3.2 reports the p-values of

the spanning tests when short positions in country, industry or world portfolios are not
allowed. These results generally confirm the findings in Panel B: countries span industries
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and vice versa, currencies do not have to be added to country or industry portfolios and
industries are not spanned by the ICAPM or world portfolios. However, when short sales
are not allowed, countries are no longer spanned by the world or ICAPM portfolios.

The results from the spanning tests without and with no-short sales constraints may
differ due to the constraints or due to the removal of overlapping components. In order

to examine to what extent our spanning results are affected by the use of benchmark
indices that exclude the test asset, we also perform spanning tests excluding overlapping
components but allowing for short positions. These tests may be somewhat less interesting
from an investment perspective. For instance, the test examines whether an investor

who invests in global industry indices that exclude Canadian stocks should extend her

investment set with Canadian stocks. However, in reality investors can easily include
in their portfolio industries from all G7 countries that we consider. Nevertheless, these
spanning tests can be interpreted in the light of the country-industry debate: are country

or industry factors driving international equity returns? By excluding a certain country
from a set of industry benchmark portfolios one can investigate whether that country is
a missing factor. Also note that we focus on the joint test for all country or industry test
assets, rather than looking at

individual Jensen measures. Excluding from the benchmark

portfolio any overlapping components with the test asset actually gives the benchmark
portfolio a disadvantage with respect to the test asset. Therefore we expect to find that
spanning is more easily rejected after removal of overlapping components.
The results are reported in Panel D. We indeed find that after removal of overlapping
components, all p-values drop. This can be seen by comparing Panels B and D. We again

find that countries span industries and vice versa. The ICAPM portfolios (excluding

the country of interest) span the country portfolios, as in the standard spanning tests.
Furthermore, similar to Panel B we again find that the ICAPM portfolios and the world

portfolio excluding the industry of interest fail to span the industry portfolios. However,
spanning is now rejected at a 5% level, whereas the usual spanning tests reject spanning at
the 10% level. The main difference between the usual spanning tests and those excluding

overlapping components is that the world portfolio no longer spans the country portfolios.

By comparing Panels D and C, we can see that all p-values drop even further after
imposing no-short sales constraints.

A direct comparison: Sharpe ratio tests
In the previous section we tested whether it is optimal to extend an initial set of assets with
additional assets. The spanning tests compare the performance of the benchmark assets
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to the performance of the combined set including both benchmark and test assets. In this
section we make a direct comparison between two portfolios by testing the difference in

their maximum Sharpe ratios.
Table 3.3 reports the maximum Sharpe ratios of the six portfolios under considera-

tion: country, industry and world portfolios, with and without currency deposits. Panel
A shows the maximum annualized Sharpe ratios and Panel B reports the p·values for the
tests of the pair-wise differences in the maximum Sharpe ratios between the six portfolios.

The first row of Panel A shows that the maximum annualized Sharpe ratio for a portfolio
constructed from the global industry indices is 0.76 whereas for the countries it is 0.61. Although this difference is economically meaningful, the p-value for the Wald test of whether
the difference in Sharpe ratios is zero (reported in Panel B) is 0.334. Hence we cannot
reject the hypothesis that the two Sharpe ratios are equal, which is consistent with the

results of the spanning tests. If we add currencies to both industry- and country-based
portfolios, their Sharpe ratios increase only marginally (to 0.62 and 0.79 respectively),
thereby confirming the spanning test results that adding currency deposits does not improve mean-variance efficiency. The difference between these two Sharpe ratios is again

insignificant, as a p-value of 0.278 indicates. The ICAPM and world portfolios have lower
Sharpe ratios, 0.49 and 0.44 respectively, and the difference with the other portfolios is

insignificant at the 5% level.
In Section 3.2.3 we discussed how the different hypotheses of the spanning tests and

the Sharpe ratio tests are related. This can also be seen from the results. For instance, in
Table 3.2 we find that countries span industries and vice versa. This implies that A=0
and indeed, Table 3.3 shows that the difference between the country and industry Sharpe
ratios is insignificant. The theoretical relations between the different hypotheses always

hold when looking at the empirical results, with only one exception. 4

The portfolios that yield these maximum Sharpe ratios presented in Table 3.3 may
require short positions which may not always be implementable in realistic investment
settings. Therefore, the second row of Panel A shows the maximum attainable Sharpe
ratios when short selling is prohibited. The third row reports the p-values of the test of
4We find that the ICAPM portfolios do not span the industries but industries do span the ICAPM
portfolios. According to the theory, this should imply that the industry Sharpe ratio should exceed the
ICAPM Sharpe ratio. However, Table 3.3 shows that the equality of Sharpe ratios cannot be rejected,
with a p-value of 0.14. However, this does not mean that the results of the two tests are contradictory,
as the estimated industry Sharpe ratio of 0.76 exceeds the ICAPM Sharpe ratio of 0.49 and although it
hes above conventional significance levels, the p-value of the Sharpe ratio test is still relatively low. Not
being able to reject a hypothesis does not mean that we accept the null hypothesis.
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whether imposing the no short sale constraint leads to an efilciency loss, i.e., a significant

drop in the maximum Sharpe ratio. Note that for the world and ICAPM portfolios the
Sharpe ratios are unaffected by the no-short sales constraints, as currencies are not subject
to these constraints and for the world portfolio they are not binding. For the other four

portfolios, the maximum Sharpe ratios decrease when restricting to only long positions.
Even though this is statistically insignificant for all four portfolios, it is economically
meaningful, especially for the industry portfolio where the annual Sharpe ratio is lowered

from 0.76 to 0.66. Panel C reports the p-values of the tests of differences in these no-short
sale Sharpe ratios.

It confirms the results in Panel B: whenever the difference in the

unrestricted Sharpe ratios is significant, it is also significant for the no-short sale Sharpe
ratios. In other words, our results are robust for no-short sales constraints.
Summarizing, the unconditional spanning tests suggest that there is not a material
difference in portfolio performance when portfolios are constructed from either countries or

industries. Investing in either one of the two sets is mean-variance efficient. Moreover, the

maximum Sharpe ratios of country- and industry-based portfolios are indistinguishable.
These results also suggest that in an unconditional framework, including currency deposits

is of little benefit to portfolio performance. This is consistent with the evidence reported
by De Santis and Gerard

3.4.2

(1998).

Dynamic portfolios

The inability of our unconditional efficiency tests to find statistically significant performance difference between industry- and country-based portfolios, with or without currency deposits, is not surprising. A large body of evidence documents not only predictable
variations in asset expected returns as market and economic conditions change, but also
significant time variation in asset volatility and correlations. In particular, Dumas and

Solnik (1995) and De Santis and Gerard (1998) argue that the currency risk premium
can only be detected in a conditional setting. Hence, we expand our analysis to consider
strategies conditioned on a subset of the information that investors can use to manage

their portfolios.
To describe the investor's information set, we use a set of variables similar to those used
in previous reseazch. The instruments for country and industry returns and the return

on the world index (as part of the ICAPM portfolios) are the short term US interest rate,
the dividend price ratio on the world equity index in excess of the one-month Euro-US$

rate, the US term premium and the US default premium, measured by the yield difference
between Moody's BAA and AAA rated bonds. In order to predict changes in currency
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risk premiums we use the following instruments: the short term US interest rate and
the spreads between the UK and US interest rate, the Japanese and US interest rate,
and the German and US interest rate, which we refer to as interest rate differentials. All
variables are used with a one-month lag, relative to the return series. If we denote the K

instruments by the K-vector zt_i (excluding a constant), then conditioning information
can be implemented by adding for each asset i the K managed portfolio returns zk,t_lri.t,
where each period a position of size zk,t-1 in asset i is chosen. Next to the returns on

the managed portfolios, we also include the returns on the country, industry and ICAPM
portfolios themselves. In this way we get a total of (K + 1) x L assets, where L is the
number of country, industry or ICAPM portfolios.

Conditional spanning tests
Table 3.4 reports the results of the conditional spanning tests. Panel A reports the p.values
of the spanning tests when short positions are allowed. Whereas in the unconditional
analysis countries span industries and vise versa, we now find that countries no longer
span industries, while industries do span countries. This indicates an outperformance of

dynamic industry portfolios: investing in these portfolios alone is mean-variance efficient,
while investing in dynamic country portfolios alone is inefficient and industries should
be considered as well. This industry outperformance with respect to the countries can
also be concluded from the findings

that whereas the dynamic ICAPM portfolio spans

dynamic country portfolios, it fails to span dynamic industry portfolios.
Furthermore, while in the unconditional analysis we do not find any added benefits
from considering currency deposits in the investment set, we now detect a striking outperformance of managed portfolios that include currencies. The ICAPM portfolios as
well as the currency deposits alone are not spanned by the country or industry portfolios.

This implies that in order to achieve mean-variance optimality, currency deposits have to
be included in the portfolio. In a next section we further explore why this remarkable
currency outperformance is only detected in a conditional framework.
The managed portfolios may not always be implementable due to possibly large short
positions. Therefore, in the next step we impose no-short sales constraints on the test
and benchmark assets. Note that, as for the spanning tests in the previous section, we
first have to exclude any overlapping components between the test and benchmark assets.

Furthermore, as the total position in any asset depends on the instruments, we restrict
the total weight functions to be strictly positive functions of the instruments by imposing
the constraints given in (3.6). The currency deposits are not subject to no-short sales
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constraints.
Panel B of Table 3.4 reports the spanning test results when no-short sales constraints

are imposed. We find that the no-short sale constraint dramatically affects the performance of industry based strategies. Whereas Panel A shows a clear outperformance of

dynamic industry portfolios, in Panel B it has disappeared completely. Industries are
spanned by countries and vice versa and they are both spanned by the ICAPM portfolio.
Hence, the long-only dynamic country and industry portfolios exhibit similar performance.
These results show that no-short sales constraints are especially binding for industry port-

folios. In other words, the superior performance of the industry portfolios in terms of the

spanning test is highly dependent on the ability to short the industry portfolios, and
therefore they may not be attainable for many investors or in equilibrium strategies. Unreported results show that the .R2s from regressions of the returns on the instruments
are generally higher for the industries than for the countries. This higher predictability

may explain the better performance of the industry portfolios

if short

selling is allowed.

However, apparently, the predictability leads investors to take many short positions and
when this is precluded it no longer leads to superior portfolio performance. Similar to

Panel A, the currency returns are not spanned by countries or industries. This currency
outperformance indicates that the no-short sale dynamic country and industry portfolios
should be extended by dynamic currency deposits.

In order to determine to what extent the results in Panel B are affected by the exclusion
of overlapping components, we also perform the conditional spanning tests when short
sales are allowed, but the benchmark assets do not have any components

in common with

the test assets. As we argued in the previous section, the ability of a set of benchmark
assets to span a set of test assets is negatively affected by the exclusion of overlapping

components from the benchmark assets. Similar to the unconditional results reported in
Table 3.2, we again find that the p-values generally decrease after exclusion of overlapping
components. Hence, when spanning is already rejected in Panel A, it will most likely also

be rejected in Panel C. Indeed, while countries are still spanned by the industry and
ICAPM portfolios, the dynamic industry portfolios again outperform the country and

ICAPM portfolios. Note that whereas for the unconditional tests, the p-values become
even lower when imposing no-short sales constraints, this pattern is not present for the
conditional tests. Here the p-values in Panel B (with no-short sales constraints) are
higher than those in Panel C (exclusion of overlapping components) and the industry
outperformance disappears when imposing no-short sales constraints.
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Conditional Sharpe ratio tests
Next, we compare the managed portfolios directly by testing the difference in their maximum Sharpe ratios. These results are shown in Table 3.5. First, comparing the maximum
Sharpe ratios of the dynamic portfolios to those obtained in the unconditional analysis
in Table 3.3 is indicative of the value of information and dynamic strategies in enhancing
portfolio returns. Indeed, Panel A of Table 3.5 shows that all Sharpe ratios are remarkably
higher. The most dramatic increase takes place for the portfolio consisting of industries
and currency deposits: the maximum annual unconstrained Sharpe ratio nearly triples

from 0.79 to 2.25 when rebalancing the portfolio every month. Again, industries have a
higher Sharpe ratio than countries (1.78 versus 1.20) and in contrast to the unconditional
tests, the difference is now statistically significant at a 1% level, as is reported in Panel
B. When currencies are added to these portfolios, both Sharpe ratios increase substan-

tially. This is consistent with the finding that managed currency deposits improve the
mean-variance efficiency of a portfolio. After adding currencies, industries also outperform
countries. Thus, both the spanning tests and the Sharpe ratio test suggest that, in the
absence of short selling restrictions, dynamic industry portfolios are more attractive than
dynamic country portfolios. Countries and industries have higher Sharpe ratios than the
dynamic ICAPM portfolio, but the differences are insignificant. They become significant
when currencies are added to the dynamic country and industry portfolios.

After imposing no-short sales constraints, the country and industry Sharpe ratios drop
remarkably. Again, the ICAPM portfolio is unaffected by the constraints. The maximum
annualized Sharpe ratio for the managed industry portfolios drops from 1.78 to 0.80. For

the managed country portfolios, the decrease is from 1.20 to 0.70. In contrast to the

unconditional analysis, the efficiency loss due to the no-short sales constraints is both
economically and statistically significant. The same holds for the country and indus-

try portfolios that also include currency deposits. Akin the conditional spanning tests,
the industry performance is affected most by the constraints. With no-short sales constraints, managed country portfolios and managed industry portfolios (with and without
currencies) yield indistinguishable Sharpe ratios.
We can again detect a clear outperformance of portfolios that include managed currency returns. The dynamic ICAPM portfolio outperforms both dynamic country and
dynamic industry portfolios. Also, whereas countries and industries have similar no-short
sales Sharpe ratios, a dynamic

portfolio consisting of country (industry) returns and cur-

rencies significantly outperforms a dynamic industry (country) portfolio. We document
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a dramatic increase in no-short sales Sharpe ratios when currency deposits are added to

managed country or industry portfolios. The annual industry Sharpe ratio nearly doubles
from 0.80 to 1.55 when currencies are added. The country Sharpe ratio increases from

0.70 to 1.51.

Concluding, the conditional efficiency tests suggest that the outperformance of man-

with respect to managed country portfolios hinges on the ability
to short global industries. When short sales are not allowed, dynamic industry and country
aged industry portfolios

portfolios perform similarly. On the other hand, dynamic portfolios including currencies
clearly outperform by a very large and statistically significant margin.5

3.4.3 A further look at currencies
Our results suggest that in order to fully exploit international diversification opportunities
investors need to include currency deposits in their managed portfolios. Now, why would
investors optimally hold foreign currency deposits? If purchasing power parity is violated,
international investors hold positions in foreign equity as well as in foreign currencies

thereby being exposed to currency risk. If currency risk is not compensated for, investors
should fully hedge against foreign exchange rate risk. However, Dumas and Solnik (1995)
and de Santis and Gerard (1998) report significant currency risk premiums. Also, the main
part of the risk premium on currency deposits is indeed a compensation for currency risk.
Hence, next to hedging demand, investors can also have speculative demand for currency
deposits in case of positive expected excess returns.6

De Santis and Gerard (1998) show that the role of foreign exchange risk can only
be shown when the currency risk premium is allowed to be time-varying. This is in

line with our linding that only in a conditional framework do currency deposits improve
portfolio performance. This outperformance could be due to time variation in the hedging
properties of currencies, which is exploited by using instruments. Alternatively, it could
be caused by predictability in time variation in the expected returns.
We examine this informally by looking at 60-month moving window correlations between currencies and equities and average currency deposit returns. Figure 3.1 Panel A
5The outperformance of dynamic portfolios including currencies is not likely to be driven by extreme
positions in currencies. Over the full sample period the average total position in the three currency
deposits is approximately 10%. The total position in currencies lies between -100% and +100% in nearly
every month.
6
Campbell, Serfaty-de Medeiros and Viciera (2006) investigate currency hedging demand and support
the importance of including currencies in international portfolios. In this paper we do not distinguish
explicitly between hedging and speculative demand, but we show that in order to fully exploit the benefits
from international diversification, currency deposits should be included in an international portfolio.
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reports the average correlations between the country and industry returns and the three

currency deposits under consideration (Japanese Yen, British Pound and German Mark
- Euro) for each of the 60-month windows. Indeed, these correlations vary substantially
over time and seem to display a downward trend. Whereas in the first part of the sam-

ple period (up to the mid

the average correlation is close to 0.4, the correlation
decreases remarkably and even becomes close to zero in 5-year windows ending in 2000.
198Os)

In recent years the correlation between equities and currencies has increased slightly to
approximately 0.2. This suggests that the hedging properties of currencies indeed vary
over time.

Panel B of Figure 3.1 displays the average (excess) returns on currency deposits over
60-month moving windows. While the full sample average returns on currency deposits

are very low

Table 3.1) the figure shows that they are highly time-varying. The
average monthly returns on currency deposits (with the USD as a base currency) vary
(see

from -1% in 5-year windows from 1980 to 1985 to +1% in windows from 1985 to 1990. At
the end of the sample period the average returns are about 0.2%. Hence, whereas the full
sample average returns on currency deposits are close to zero and currency deposits do not
enhance portfolio performance, using instruments to take advantage of the predictability

in expected returns does indeed lead to a remarkable outperforniance.
Although not reported here, we find that the R2s of regressions of the returns on
the instruments higher for currency deposits than for equity returns. This suggests that
the instruments have most predictive power for the currency deposit returns. In sum,
exploiting the higher degree of predictability in the hedging properties and in the expected
excess returns on currency deposits

by using actively managed portfolios dramatically

improves portfolio performance.

3.5

Style analysis

An alternative way to compare country and industry portfolios is to look at their 'replicating abilities '. If industry factors are at the root of cross-country differences in returns,

it ought to be easy to construct from global industry portfolios a portfolio that mimics
the country returns, while the reverse would be more difficult. Style analysis (Sharpe,
1992) provides a tool to study mimicking portfolios. The objective is to find a positive
weight portfolio of the benchmark assets, such that this portfolio return mimics as closely
as possible the returns on a target fund, the test asset. Whereas mean-variance efficiency
tests require the estimation of mean returns, style analysis depends on their covariance
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structure only. This is a clear advantage, as it is more challenging to accurately estimate
mean returns than to estimate covariances.
The style of global industry j in terms of the countries is determined by estimating
the regression:
L

RI,t

=

aj + E Bi,j,R t + 4,t,

(3.9a)

i-1

L

s.t. Bi.j

2

0

Vi, j,

E B,J =

1.

(3.9b)

Z=l

during month
j
where RIt (RI.t) is the total, not excess, return for industry (country i)
t and L is the number of countries in the mimicking portfolio. The restrictions that the
coefficients Bi,j are all positive and that they sum to one imply that they form a positive
weight portfolio, which is known as the style of the industry. This yields the country

portfolio which mimics industry j best, in the sense that this is the portfolio which
minimizes the variance of the tracking error. To the extent that a particular industry is
concentrated in one country, we may also expect that the coefficient Bi,j for this country

will be relatively large. The 122 of the style regression gives us an estimate of how well an
industry can be mimicked by countries and vice versa. The style coefficients together with
the R2 provide information on the risk characteristics of countries in terms of industries
and vice versa.
We examine the ability to replicate these test asset returns for five different portfolios:

country and industry returns, both also extended with the three currency deposits, and
the ICAPM portfolio returns. As the returns on currency deposits are excess returns,
they are not subject to portfolio constraints. We take this into account by performing
the full style regressions in terms of excess returns rather than total returns whenever

currency deposits are included. In that case we do not impose the portfolio constraint.
Moreover, currency deposits are not subject to no-short sales constraints and hence the

nonnegativity constraints only apply to the country, industry or world returns.

In this chapter we measure the relative performance of country and industry portfolios
in terms of mean-variance spanning, maximum Sharpe ratios and for the style analysis,
in terms of the fraction of the test assets' volatility explained by a mimicking portfolio of
benchmark assets. While formal tests of spanning or of differences in Sharpe ratios exist,
the literature does not provide formal tests of whether average style regression R2s differ
across different sets of benchmark assets. To evaluate the statistical significance of changes

in IPs we use a Monte Carlo approach to simulate the empirical distributions of the
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average R28 of the style regressions. More specifically, we test the difference between the
average R2s of the style regressions taking countries as benchmarks and taking industries

as benchmarks. The details of these Monte Carlo simulations can be found in appendix
3.B.

3.5.1

Replicating abilities

We first consider the replicating abilities of countries and global industries. Table 3.6,
Panel A shows the styles of industry portfolios in terms of country portfolios. Similarly, in

Panel B the styles of the countries are given in terms of industry portfolios. For instance,
according to the coefficients in Panel A, Finance is an important industry for Japan,
whereas Noncyclical Consumer Goods are relatively important for the US. The table

also presents the R2s of the individual style regressions. We see, for instance, that the
country replicating portfolio can explain about 44% of the return variation of the global
Resources portfolio. General Industries and Consumer Goods are best mimicked by the
country portfolios; these explain 85% of the return variation. The R of 14% indicates

that Utilities is the sector that is most difficult to replicate. As far as the country styles
in terms of industries are concerned, global industries perform best at replicating the US:
the style portfolio can replicate 80% of the US return variation. Italy is most difficult to
replicate, its R2 is only 22%.

In order to examine the general ability of countries to replicate global industry returns,
we take an equally weighted average over all individual 1?2s of Table 3.6 Panel A. In
general, we take the average over all individual style regression R2s for a certain set of
test assets.7 Table 3.7 Panel A reports an overview of the replicating abilities of the

five benchmark portfolios under consideration. We find that, on average, countries can

explain about 62% of industry return variation, while industries can only explain 51%
of country return variation. This suggests that countries possess superior mimicking

abilities to industries. We employ the procedure outlined in Appendix 3.B for simulating
the empirical distribution of the style regressions R2. This allows us to test the difference

of country and industry mimicking abilities. Panel C of Table 3.5 shows the p-values of
the tests whether differences in average R2s are significant for various comparisons. The
p-value of 0.008 in the upper left cell shows that the null hypothesis that the average
7We also calculate the value-weighted average R2, where the weights are determined by the average
weights of the countries and industries in the G7 market index. over the full sample period. However, we
focus on the equally weighted average R2. as in a value weighting scheme, the US results receive a weight
that is greater than 50%, and drive the aggregate results. Since we consider the seven major developed
economies, we do not run the risk of overemphasizing smaller countries.
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country and industry IPs are equal can in fact be rejected. This implies that country
returns explain a significantly larger share of industry return variation than vice versa,

at the 1% significance level. The country outperformance also becomes visible when the
ICAPM portfolios are the test assets. Countries can explain a larger share of ICAPM
portfolio return variation than industries can (44% versus 37%). Panel C shows that the
difference is significant at the 1% level.

When the ICAPM portfolios are used as benchmark assets, we find that they possess
better replicating abilities than country and industry replicating portfolios. On average,
the ICAPM portfolios can explain 66% of the variation in global industry returns, which
exceeds the share of industry return variation explained by countries (which is 62%). The
difference however, is not statistically significant. Furthermore, the ICAPM portfolios
account for 53% of the country return variation, which indicates their outperformance

with respect to global industries, as the table shows that industries can explain 51% of
country return variation. Even though the difference is small, it is statistically significant.
The ICAPM outperformance is remarkable, considering that this portfolio only consists
of four assets, while the country and industry benchmark portfolios consist of seven and
ten assets respectively.

In order to further investigate the impact of including currency deposits in the benchmark portfolio, we also add currency deposits to country and industry benchmark portfolios. As expected, the average R2s increase. Whereas industries can explain on average

51% of country return variation, the benchmark portfolio of industries and currencies can
explain on average 58%. For country benchmarks the average R2 increases from 62%

to 67% when including currencies. Panel C of Table 3.7 shows that both increases are
statistically significant. These results again imply that countries posses superior replicating abilities to industries and that their performances are affected in similar ways when
adding currencies. More importantly, these portfolios now outperform the ICAPM portfolio. The portfolio of industry and currency benchmark assets can significantly better
replicate country returns than the ICAPM portfolio can. The same holds for the country
and currency benchmark portfolio. This suggests that adding currencies as additional
benchmark assets is important to improve the replicating ability of a portfolio. If the

ICAPM portfolio outperformance would be due to the world index rather than the currency deposits, one would expect that it would still outperform the benchmark portfolios
of countries or industries combined with currencies.

The ability of benchmark assets to replicate a test asset is expected to be positively
affected when the test and benchmark assets have many components in common. Hence,
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in a next step we look at the mimicking abilities of countries (industries) for a particular
industry (country), when that industry (country) is removed from the country (industry)
benchmark indices. This is similar to the spanning test regressions when overlapping
components are excluded from the benchmark assets, which is discussed in Section 3.2.
Thus, we are now using the analysis as in (3.9) but with (3.9a) replaced by
L

rf,t = aj + E dijr >J -F elt

(3.10)

i=1

and we make a similar adjustment for the country regression. We refer to these style
regressions as 'exclusive' style analysis, while the style analysis discussed previously is

'simple' style analysis. When the ICAPM portfolios are the test assets, it is
not possible to exclude overlapping components from the country or industry benchmark
referred to

as

assets. Hence. in the exclusive style analysis we only consider country and industry test

assets. If the ICAPM portfolios are the benchmark assets, the world index excludes the

country or industry test asset.
Table 3.7 Panel B reports the equally weighted average 1228 of the exclusive style regressions. Compared to the simple style results of Panel A, we see that all IPs are lower.

Indeed, a test asset is more difficult to replicate if the benchmark assets do not contain
any component that overlaps with the test assets. By analyzing the difference in R2 of

the simple and exclusive analysis we can infer the impact of removing overlapping components on the mimicking abilities of the benchmark assets. We simulate the empirical

distributions of these average R2s similarly to those of the simple style JFs and we test
whether the change is significant. Unreported results show that in all cases the deterio-

ration in replicating abilities is statistically significant at the 1% level. Remarkable is the
large decrease in R2 for the industries' abilities to replicate country returns due to the

exclusion of overlapping components. The average R2 in Panel A (simple regression) is

51% while in Panel B (exclusive regression) it is only 29%. Unreported results show that
although the reduction in R2 is minimal for Italy, France, Germany and Canada, it is

larger for the UK and extremely dramatic for Japan and the US. For instance, the R2 of
the US regression in drops from 80% to 4%. A closer look at the loadings on the industry
portfolios8. shows that in both regressions the US mimicking portfolio comprises the same
three industries with similar loadings. This suggests that the domestic component of the

industry portfolios is critical in the ability of industry portfolios to mimic country indices,

8These results are available upon request from the authors.
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especially for the larger economies.
Despite the worsening of replicating abilities, the exclusive style regressions confirm
all previous findings. Given the high R2 of the style analysis regressions of the industries

in terms of countries, portfolios of country indices perform very well to mimic the returns

of industry portfolios, even when the country indices exclude all stocks from that industry. This suggests that global industry portfolios have a "country structure" that can be
duplicated well with stocks outside of that industry On the other hand it is much more

difficult to replicate the returns of country portfolios with industry portfolios, especially
when that country's stocks are excluded for the industry portfolios. The superior performance of the ICAPM portfolios and the country and industry benchmark portfolios

that also include currency deposits shows that adding currencies to a benchmark portfolio
Significantly improves its performance in terms of mimicking abilities.9

3.5.2

Conditional style analysis

As with the efficiency tests, we also want to include conditional strategies in style analysis.

To the best of our knowledge we are the first to show how to implement this. Again,
consider the K instruments zt that can be used to predict asset returns, in particular
the returns on the benchmarks. It is assumed that the instruments in zt are normalized
and the vector zt does not include a constant in our setup. We consider the returns on
managed portfolios Zkt-1·R as additional benchmark assets in the style regression. In
this way we get a total of (K + 1) x L benchmark assets. Consider the expanded style
regression

L

L K

Rt' = a +E dio't + S E ikzkt-1'12 + et'.
i=1
i=1 k=1

(3.11)

The issue is how to incorporate the portfolio and positivity constraints with respect to
each asset. A way to make sure that the total asset positions sum to one is to impose the

9 The value-weighted average R2 in the simple style analysis is generally higher than the equally
weighted average R2, expecially when the countries are the test assets. We now find that the industries
are slightly better at mimicking country styles than vice versa: the weighted average IPs are 0.69 and
0.66 respectively. When currencies are added to both portfolios industries also outperform countries.
After excluding overlapping components countries clearly outperform industries. The difference between
country and industry performance becomes even more pronounced than for the equally weighted averages:
the weighted average R2s become 0.57 for country funds and only 0.15 for industry funds. As these results
are to a large extent determined by the US test asset (which has the largest weight in the G7 index), we
focus on equally weighted averages.
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constraints
L

Z Bio

=

1,

(3.12)

i=1

L

E Bik

=

0,

Vk.

i=1

In this way, the net effect of each instrument zkt is zero, no matter what the value of that
instrument is, and the total portfolio positions will always sum to one. The nonnegativity
constraints are similar to those for the managed portfolio returns in the efticiency tests, as
discussed in Section 3.2.3. We impose a total of 2K positivity constraints per asset. The

restrictions in conditional style analysis are therefore given by (3.12) and (3.6), a total of

(1 +K+L x

2K) restrictions.
Table 3.8 reports the equally weighted average R2s of the conditional style regres-

Sions. Compared to the unconditional results

of Table 3.5 we find a slight improvement
of replicating abilities when conditioning information is used. The average R28 increase
slightly, by 1% to 5%. We first consider the simple style regressions (Panel A), which
are based on full country, industry and world indices. We find the exact same patterns
as in Table 3.5 Panel A, namely countries have superior replicating abilities to industries

and adding currencies to the benchmark assets significantly improves the performance

in terms of replicating the test asset. These findings are confirmed in Panel B, where
in each regression the industry (country) of interest is excluded from the benchmark indices. Most importantly, these results instill confidence in the conclusions drawn from the
unconditional style analysis.

3.6

Robustness check: sub-sample analysis

Whereas nowadays most investors hold international portfolios, in the early 70s and even
in the 80s investing internationally and holding currency deposits was not common at

all. In order to make sure our results are not driven by a particular period during our
30-year sample period, we perform a robustness check by performing the analysis for

three nonoverlapping 10-year sub-sample periods. Hence, the three sub-sample periods

run from February 1975 to January 1985, from February 1985 to January 1995 and from
February 1995 to February 2005. To be concise we only report part of the results of the
conditional analysis in Tables 3.9 and 3.10.
Unreported results of unconditional efficiency tests show that country and industry
portfolios are equally mean-variance efficient in all three sub-sample periods. Countries
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span industries and vice versa and the difference in maximum Sharpe ratios is insignificant,
thereby confirming our full sample results. On the other hand. whereas over the full
sample country and industry portfolios span currency deposits, spanning is rejected in
all three sub-samples, at least at a 10% significance level. These findings hold with and

without no-short sales constraints. The importance of currency deposits is confirmed
in the conditional tests, as can be seen in Table 3.9. In all three sub.sample periods
currencies should be added to managed country and industry portfolios in order to achieve
mean-variance optimality. The tests also report outperformance of managed industry
portfolios when short sales are allowed. In the three sub-sample periods industries are not
spanned by countries. However, in contrast to the full sample results, managed country
portfolios are not spanned by managed industry portfolios either. When we make a direct
comparison between the two portfolios, we find that in the first two sub-samples industrybased portfolios have a significantly higher Sharpe

ratio than country-based portfolios. In

accordance with the full sample results, this outperformance disappears when no-short
sales constraints are imposed. Furthermore, in all three sub-samples we find that the both
the managed country and industry no-short sales Sharpe ratios double when currencies
are added.

The results of the unconditional and conditional style analysis for the three sub-sample
periods are very similar, therefore we discuss only the conditional results that are reported

in Table 3.10. These concern the simple style regressions. Similar to the full sample re-

sults, we find that countries possess better replicating abilities than industries, at least
in the first two sub-sample periods. In contrast, in the 1995-2005 period we find that industries can better replicate country returns than vice versa. In all three sub-samples the

ICAPM portfolios outperform country-, and industry-based portfolios. However, when
currencies are added as additional benchmarks to country and industry benchmark portfolios, these outperform the ICAPM portfolios. These findings are in line with our full
sample results that suggest that adding currencies to a set of benchmark portfolios sig-

nificantly improves the replicating abilities.
In sum, our results are confirmed for three 10-year non-overlapping sub-sample periods,
suggesting that our findings are not likely to be caused by one specific sub-sample period.

The gains from including currency deposits in a country- or industry-based portfolio are
substantial and they are persistent over time: currencies add diversification benefits in
the 7Os, 8Os, 90s and in recent years.
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Conclusions

This research investigates the role of currency risk, country factors and industrial structure
on cross-country equity returns and attempts to disentangle their respective impact on

international portfolio diversification strategies. We compare the performance of global
industry, country and world portfolios, combined with a number of currency deposits
for the seven major developed economies over the last 30 years. We develop a new test
to measure and evaluate the statistical significance of the diversification gains of some

portfolio strategies over others. The test is based on

a

comparison of the maximum

Sharpe ratios of the strategies and can easily accommodate no-short sales constraints and
conditioning information. We use style analysis as a complementary approach, in which

we compare the replicating abilities of the different portfolios.

When comparing solely country- and global industry-based portfolios, our unconditional tests do not report significant differences in terms of mean-variance efficiency. Their
Sharpe ratios are indistinguishable and investing in either country- or industry- based

portfolios

optimal.

However, when we take time varying investment opportunities
into account by using conditioning information we detect clear differences between crosscountry and cross-industry diversification strategies. The maximum annualized Sharpe
ratio of unconstrained managed industry portfolios of 1.78 is significantly larger than
that of country portfolios, which is 1.20. However, the outperformance of the dynamic
is

industry portfolio critically depends on the ability to take short positions. With no-short

it vanishes and country- and industry-based managed portfolios have
comparable Sharpe ratios of 0.70 and 0.80 respectively. On the other hand, both the
sales restrictions

unconditional and conditional style analyses indicate that countries are better able to
mimic industries than vice versa, even when the country indices exclude all stocks from

that industry. Hence, for investors that are not allowed to take short positions, such as
mutual funds, country-based strategies perform at least as well as industry-based strateto long-only constraints, for instance hedge
funds, may be able to achieve superior performance in terms of mean-variance efficiency
by investing in actively managed global industry portfolios. Although, in practice, taking
short positions in industry portfolios is typically rather expensive.
gies. However, investors that are not subject

We find that currency deposits are crucial in order to achieve optimal portfolio performance. Dumas and Solnik (1995) and De Santis and Gerard (1998) show that the
main share of the risk premium of currency deposits is compensation for currency risk
and this risk premium can only be detected in a conditional framework. Indeed, whereas
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our unconditional tests do not document any benefit of including currency deposits in the
investment universe, with monthly rebalancing, currency deposits add substantial diversification benefits to dynamic international equity portfolios. For instance, under no-short
sales constraints, adding currency deposits to a managed

industry portfolio nearly doubles

the annual Sharpe ratio from 0.80 to 1.55. Similarly, the annual no-short sales Sharpe

ratio of a managed country portfolio increases from 0.70 to 1.51 when currency deposits
are added. The benefits from adding currency strategies to dynamic equity portfolios
can arise both from positive expected excess returns on currency strategies and from the
hedging benefits from combining equities and currencies. Our analysis further shows that

the gains from investing in currency deposits are persistent over time and that the benefits

from adding active currency strategies to dynamic international equity portfolios as high
in recent years as in the preceding decades.
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The asymptotic covariance of the Sharpe ratio
test

For ease of exposition, consider the regression models
R

=

b zt + Et,

(3.13a)

Q-ivt = B'It + Ut·

(3.13b)

Here Q = Var[Et]· Notice that we can always rewrite our regressions in this way. The
problem that we face is that in (3.13b) we have to use an estimated covariance matrix Q
rather than the true covariance matrix n.
-1

Denoting Vt = fl-evt, the OLS estimate of B is
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Since the last terms converge to zero, B is a consistent estimator of B.

From the last equation we obtain
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The first term in the limiting distribution is standard, the interest here is in the second
term, which arises because we have to use the estimated covariance matrix fj.

3.A.1

Limiting distribution of R

In a standard regression framework, the limiting distribution of n is

47 <vech fi - vech (n) = N (0, V)
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We want to derive an expression for the covariance matrix V.
Consider the simple example where Q is 2 x 2

n = (wn w12 )

1 ,

< U·'21

-0 22 /

in which case we need the limiting distribution of
W 11 - W„

'd,1 «12 - .12

- 7, < R.'..I,-1.;112 j

W22

EtE&- TW22 3
The elements of the limiting covariance matrix can be written as
< W22 -

'Var[Eft} = E[41 - w 1
Var Elt€2*1 = E[ETtE ] - w&2
Cov[ETt, 61*62:1

COU[Elt. E t

=
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= E[E tE t} - Wllu.,22,
etc.

Thus, the covariance matrix looks like
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In general, the element of V corresponding to the covariance between wij and 01™ is
E[Eit€jtEttEmt} - Wilwim.

3.A.2

The limiting

distribution of v/T Q-* - Q-*

We know that

47 (.ech (0) -.ech (0)) - y'T'.,ch (* ZE.,; - 0)
For later use we will need the limiting distribution of vec

<fi rather than of vech fi ,
but this one is obtained immediately from the above.
Notice that vec < will have a
singular covariance matrix, but this is not a problem in our application. Using a linear
expansion, for the limiting

n- i with

respect to Q.

distribution of /7 <fi- - fl-

we need

the differential of
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Following Magnus and Neudecker (1988), start with the matrix function F(X) = X .
Since

xaxi-x

we get
i C

1

(dxi) X1 + X, ldX2) - dX, »

<Xi®IK .ec dX# +<IK®X# .„(dX#)
1

1

/

1\

Xa® IK + IK®X#]dvec (XE /1

=

vec(dX) *

=

dvec(X).

and therefore the differential of X & with respect to X is obtained from

dvec XJ = XJ ® IK + IK ® X,i -1 dvec(X).

(3.15)

The interest here is not in Xi, but in F(X) = X-*, for which we have

dX-4 - -X-4 <dX# X-#.
Taking

Vec'S gives

d.ec (X-1) = (-X-1 e X-1) d.ec (Xi)),
which can be combined with (3.15) to obtain

dvec X-* = -X-6 ® X-* X* ® IK + IK ® X* -1 dvec(X).

(3.16)

If Et is a N-vector, then define the N2 x N2 matrix A as
(3.17)

A- (-f-1-1 ® 0-# (fla® IN+IN® nb -1.
The limiting

distribution of vec <Q-

is

then obtained from

47 (ves (fi-i) -.„ (0-4)) = 47,1 1Cv„

(1 ,r 0,4 - °\ j

( (T u

.

(3.18)

3.A. The asymptotic covariance of the Sharpe ratio test

3.A.3

The limiting distribution of v/7
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We are now in a position to derive the limiting distribution of,/T
of (3.14), we obtain
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The limiting distribution follows from this immediately.
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Test for differences in 1?2 of style regressions

We evaluate the statistical significance of differences in replicating abilities of country
and industry portfolios by performing Monte Carlo simulations for the style regressions
average R2 s. More specifically, we test the difference between the average 122s of the style

regressions taking countries as benchmarks and taking industries as benchmarks.

We assume that the returns on the sub-indices are multivariate normally distributed.

There are two issues that keep us from using the standard estimation techniques for
the mean returns and the covariance matrix. First, not all sub-indices may be available
for the full sample period. To make full use of the data, we implement the maximum

likelihood estimators of the mean vector and covariance matrix proposed by Stambaugh
(1997). These estimators use all data available on all series to estimate the moments of the
returns distribution and exploit the fact that series with long histories provide additional

information on the moments of shorter history sub-indices. The estimates of the means
and covariances of shorter history sub-indices are based on regressions of these shorter

history sub-indices on all longer history sub-indices (for the period in which they are all
available).10
Second, the number of observations is small relative to the number of sub-indices.

In this case, the usual sample covariance matrix imposes too little structure and can be
singular for short sample periods. Ledoit and Wolf (2003) propose a shrinkage technique

to alleviate this problem. The estimate of the covariance matrix is a weighted average
of the sample covariance matrix and a shrinkage target, for which a single index model
is used. We follow Ledoit and Wolf (2003) and we use the global market portfolio for
this single index model.11 The weight of the shrinkage target (the shrinkage intensity)

determines how much structure is imposed. The optimal shrinkage intensity depends on
the correlation between the estimation error of the sample covariance matrix and the

estimation error of the shrinkage target. The benefits of this approach increase as the
correlation between the estimation error of the target and the sample estimate decreases
and the shrinkage intensity increases. Also, a positive semidefinite covariance matrix is
10 Because some sub-indices have a very short history, the number of independent variables would
exceed the number of observations in the regressions. We therefore only select the sub-indices of the
same country or the same industry as independent variables. Furthermore, Stambaugh assumes that all
assets end at the same time T and survival probabilities are not taken into account. In the Euro-zone
sample used in Chapter 4 two sub-indices end earlier (they are 'dead' indices). As the ending dates are
assumed to be deterministic and independent of the distributions, we apply the methodology for the

different ending dates as well.
1

1 For the Euro-zone sample we use the equally weighted Euro-wide market index.
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guaranteed.
We use the first and second moments of the returns on sub-indices estimated with the

Stambaugh (1997) and Ledoit and Wolf (2003) techniques to generate simulated returns
for all sub-indices. We derive the empirical distribution of the style regressions' Ifs and
test the significance of the difference in IP.

As starting values of the market values

(AIK,j,t) of the sub-indices we use the actual value of these sub-indices observed on the

start date of our sample period. We then simulate the returns on the sub-indices for all T
observations. When a certain sub,index is unavailable at time t, it is also unavailable at

time t in the simulated time series. We construct the value-weighted country and global
industry indices from these simulated sub-indices and perform simple and exclusive style
analyses using the returns on the simulated country and industry indices. We use the same
algorithms to construct country and industry indices and to run the style regressions in the

simulation as we use in the estimation. The only deterministic parameters that enter the

simulations are T, L, N, the starting values of 11/14,j,t, the starting and ending dates of the
sub-indices and the parameters of the normal distribution. Each simulation results in one
value of the average R2 taking countries as benchmarks and one value of the average R2
taking industries as benchmarks. We perform 10,000 simulations and test the significance

of the difference in mimicking abilities by considering the difference in average R28.
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3.C Tables and figures
Table 3.1: Summary statistics
The table contains summary statistics for monthly returns on country and industry indices and
the currency deposit (excess) returns from Datastream. Mean returns and standard deviations
are in percentages. 'c(ctry)', 'c(ind)', 'c(cur)' give respectively the average correlation of each
index with the seven country indices, the ten industry indices, and the currency deposits, where
the correlation of each index with itself is excluded. The correlation of the countries and industries with the currency deposits is based on Canadian Dollar, Yen, Pound Sterling and the
spliced series of German Mark up to Jan 99 and Euro thereafter. The summary statistics of the
French Franc, German Mark and Italian Lire are based on the period up to January 1999 and
those of the Euro are based on the period starting in January 1999. 'min' and 'max' are the
minimum and maximum returns (in percentages) respectively. 'weight' is the average weight (in
percentages) of the index in the G7 world index over the sample period. The rows 'average' give
the average over all country or industry summary statistics. Values in brackets are p-values associated with Wald test statistics for the null-hypotheses mentioned. Returns are calculated in US
dollars for the period February 1975 until February 2005 (361 observations). The 10 industries
are: Resources (Res), Basic Industries (BasI), General Industries (GenI), Cyclical Consumer
Goods (CCGd), Non-Cyclical Consumer Goods (NCGd), Cyclical Services (CS), Non-Cyclical
Services (NCS), Utilities (UT), Information Technology (IT), and Financials (Fin).
Panel A: Country Indices
mean

stdv

c(cur)

min

max

weight

Canada

1.03

5.08

0.470

0.524

0.194

-23.35

16.16

2.88

France

1.36

6.41

0.516

0.501

0.282

-25.71

19.69

3.01

Germany

1.04

5.64

0.477

0.482

0.307

-18.26

20.07

4.56

Italy

1.18

7.43

0.399

0.370

0.175

-22.57

28.26

1.67

Japan

1.05

6.67

0.533

0.606

0.326

-22.80

25.11

27.69

UK

1.40

5.72

0.499

0.557

0.305

-21.51

26.80

9.61

US

1.15

4.17

0.486

0.637

0.071

-21.18

14.50

50.58

average

1.17

5.88

0.457

0.525

0.237

-21.91

21.51

World (G7)
4.14
1.07
0.663
means
are
zero
Ho: country
Ho: country means are equal

0.792

0.287

-11.90

14.21

c(ctry) c(ind)

(O.000)
(0.831)
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Panel B: Industry indices
c(ctry) c(ind) c(cur)

mean

stdv

min

max

weight

Res

1.27

5.05

0.449

0.452

0.193

-18.16

18.27

8.26

BasI
GenI

0.99

5.03

0.584

0.686

0.315

-15.07

15.10

9.24

1.11

4.62

0.626

0.711

0.222

-18.13

16.88

10.36

CCGd
NCGd

1.01

4.88

0.560

0.656

0.199

-17.16

15.65

6.16

1.21

3.91

0.504

0.585

0.224

-15.34

14.40

13.69

CS

1.05

4.59

0.616

0.719

0.244

-13.67

15.08

12.29

NCS

0.96

4.58

0.480

0.541

0.193

-15.78

16.41

7.35

UT

1.11

4.18

0.355

0.449

0.306

-14.26

23.62

5.73

IT

1.16

6.75

0.524

0.537

0.125

-25.88

23.37

8.88

Fin

1.22

5.31

0.555

0.660

0.300

-16.28

25.34

18.04

average

1.11

4.89

0.525

0.600

0.232

-16.97

18.41

Ho: industry means are zero
Ho: industry means are equal
Ho: country and industry means are equal

(O.000)

(0.866)
(0.939)

Panel C: Currencies

mean

stdv

Canadian $
French Franc
German Mark

0.03

1.53

0.12

c(ctry) c(ind)

c(cur)

min

max

0.285

0.261

0.194

-5.78

4.11

3.23

0.210

0.191

0.630

-9.24

8.55

0.01

3.33

0.192

0.180

0.626

-10.09

8.51

Italian Lira

0.11

3.18

0.210

0.168

0.571

-13.57

9.00

Japanese Yen

0.11

3.59

0.258

0.314

0.376

-9.75

17.64

Pound Sterling
Euro

0.20

3.11

0.220

0.193

0.440

-12.62

14.41

0.19

2.93

0.182

0.099

0.205

-5.22

7.38
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Table 3.2: Unconditional spanning tests
This table presents the unconditional spanning tests. Panel A reports performance tests of the
industries relative to the seven countries (first three columns) and of the countries relative to the
ten industries (last three columns). a(%) gives the Jensen measure as a percentage per month
and is estimated from the regressions

r - av t B,rf t € and T = ax t Bxr + Ef
where r% and 77 are excess returns on industry and country indices. The table gives estimates
of a (in percentages) as well as the associated t-values. Panels B to D report p-values of tests
for the joint signficance of a set of Jensen measures. These are Wald tests for the hypotheses
that the sets of assets listed in the column headers span the sets of assets listed in the first
column. 'Currencies' are returns on 3 currency deposits: the spliced series of Deutschemark
(until January 1999) and the Euro (as of January 1999), the Japanese Yen and the Pound
Sterling. The ICAPM portfolio consists of the world index (the value-weighted G7 index) plus
the three currency deposits. While in Panel B short positions are allowed, Panel C imposes
no-short sales constraints on country, industry and world portfolios. Currency deposits are not
subject to no-short sales constraints. In order to impose no-short sales constraints on the country
or industry portfolios, overlapping components are excluded from the benchmark portfolios. For
instance, when the ICAPM portfolios are the benchmark assets, the world index excludes the
country or industry of interest. Panel D reports the test results when short sales are allowed,
but the overlapping components have been excluded from the benchmarks.

Panel A: Individual Jensen measures
Ind. test assets, Ctr. benchmark assets Ctr. test assets, Ind. benchmark assets
t-value

BasI

a(%)
0.19
-0.17

(0.97)
(-1.30)

GenI

-0.04

CCGd
NCGd

a(%)
-0.04

t-value

France

0.21

(0.79)

(-0.45)

Germany

0.00

(0.01)

-0.09

(-0.64)

Italy

0.21

(0.60)

0.14

(1.16)

Japan

0.00

(0.02)

CS

-0.15

(-1.53)

UK

0.21

(1.06)

NCS

-0.07

(-0.41)

US

0.00

(-0.04)

Res

UT

0.27

(1.44)

IT

-0.15

(-0.69)

Fin

0.07

(0.52)

Canada

(-0.20)

3.C. Thbles and figures

105

Panel B: Spanning tests p-values: short sales allowed
Benchmark portfolios are based on:
World
Test assets:
Countries Industries ICAPM
n.a.
Countries
(0.445)
(0.948)
(0.505)

Industries

ICAPM
World
Currencies

(0.596)
(0.559)
(0.148)
(0.905)

n.a.

(0.090)

(0.086)

(0.133)
(0.016)

n.a.

n.a.

n.a.

n.a.

(0.726)

n.a.

(0.705)

Panel C: Spanning tests p-values: no-short sales constraints
Benchmark portfolios are based on:
World
Test assets:
Countries Industries ICAPM
Countries
n.a.
(0.020)
(0.288)
(0.047)

Industries
Currencies

(0.319)

n.a.

(0.002)

(0.001)

(0.884)

(0.665)

n.a.

n.a.

Panel D: p-values: excl. ctr. and ind. overlapping components
Benchmark portfolios are based on:
World
Test assets:
Countries Industries ICAPM
n.a.
Countries
(0.427)
(0.198)
(0.097)

Industries

(0.401)

n.a.

(0.026)

(0.018)
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Table 3.3: Unconditional Sharpe ratio tests
The table presents the results of the tests for differences in unconditional Sharpe ratios. Panel
A reports the annualized Sharpe ratios for country, industry and world portfolios. Furthermore,
three currency deposits are added to each of these portfolios. The ICAPM portfolios thus consist
of the world portfolio, i.e. the value-weighted G7 index and the three currency deposits (German
Mark - Euro, Japanse Yen and Pound Sterling). The first Panel reports the maximum Sharpe
ratios (annualized) achievable from each set of assets, without and with no-short sales (nss)
restrictions, and the p-values (in parentheses) associated with a Wald test for the hypothesis of
zero loss of efficiency due to the no-short sales restrictions. This hypothesis is tested by testing
the difference in maximum Sharpe ratios with and without no-short sales constraints. Panel B
reports the p-values of the Sharpe ratio tests between the different portfolios when short position
are allowed. Panel C shows the p-values when short sales are prohibited. The currency deposits
are not subject to no-short sales constraints.

Panel A: Unconditional Sharpe ratios

ICAPM

world

0.605
0.582

0.762

0.621

0.793

0.485

0.435

0.657

0.601

0.697

0.485

0.435

(0.654)

(0.299)

(0.676)

(0.312)

Countries
Sharpe p.a.
Sharpe (nss) p.a.

Eff. loss nss

Industries Ctr + curr Ind + curr

Panel B: Test of difference of unrestricted Sharpe ratios
Countries Industries Ctr + curr Ind + curr
Countries vs
Industries vs

n.a.

Ctr + currencies vs
Ind + currencies vs

ICAPM

vs

world vs

(0.334)

n.a.

n.a.

(0.399)

n.a.

(0.254)

n.a.

(0.278)

n.a.

(0.341)
(0.187)

(0.139)

(0.207)

(0.082)

(0.078)

(0.166)

(0.062)

Panel C: Test of difference of no-short sales Sharpe ratios
Countries Industries Ctr + curr Ind + curr

Countries vs
Industries vs
Ctr + currencies vs
Ind + currencies vs

ICAPM vs
world vs

n.a.

(0.526)

n.a.

n.a.

(0.667)

n.a.

(0.366)
(0.413)
(0.209)

n.a.

(0.416)

n.a.

(0.221)

(0.227)

(0.090)

(0.084)

(0.188)

(0.075)
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Table 3.4: Conditional spanning tests
This table presents the results of the conditional spanning tests. The null hypothesis that
managed country portfolios span managed industry portfolio is based on the regression
rtman,1/ = ay + Dyrt1-n'x
man u

+ EU,

man,z

are excess returns on managed industry and country portfolios. The
regressions for other sets of test and benchmark assets are similar. The instruments used for
the countries, industries and world portfolio are a constant (i.e., the returns on the indices
themselves are included), the short term US interest rate, the US term spread, the US default
spread, and the spread between the dividend yield on the world portfolio and the US interest
rate spread. The instruments for the currency deposits are a constant, the short term US interest
rate, and the spreads between the UK and US interest rate, the Japanese and US interest rate,
and the German and US interest rate. The first panel reports the p-values associated with a
Wald test for the hypothesis that the sets of assets listed in the column headers span the sets
of assets listed in the first column when short positions are allowed. In Panel B no-short sales

where 4 '- and 4

constraints are imposed on country, industry and world portfolios. Currency deposits are not
subject to no-short sales constraints. In order to impose no-short sales constraints, overlapping
components of the test and benchmark assets are excluded from the benchmark assets. Panel
C provides p-values of the tests whether in a regression of the countries or industries on the
industries, countries and ICAPM portfolios excluding the country or industry of interest, the
intercepts are zero. Short positions are allowed.
Panel A
Test assets:

Countries
Industries

ICAPM
Currencies

:

Spanning tests p-values: short sales allowed
Benchmark portfolios are based on:
ICAPM
Countries Industries
n.a.

(0.655)

(0.758)

(0.009)

n.a.

(0.012)

(0.001)
(0.000)

(0.000)
(0.000)

n.a.

n.a.

Panel B: Spanning tests pvalues: no-short sales constraints
Benchmark portfolios are based on:
ICAPM
Test assets:
Countries Industries
n.a.
Countries
(0.612)
(0.862)
n.a.
Industries
(0.520)
(0.968)
n.a.
Currencies
(0.000)
(0.001)
Panel C: p-values: excl. ctr. and ind. overlapping components
Benchmark portfolios are based on:
ICAPM
Test assets:
Countries Industries
n.a.
Countries
(0.516)
(0.445)

Industries

(0.008)

n.a.

(0.016)
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Table 3.5: Conditional Sharpe ratio tests
The table presents the results of the tests for differences in conditional Sharpe ratios for dynamic country, industry and ICAPM (world plus currency deposits) portfolios. Furthermore, 3
currency deposits are added to the country and industry portfolios. The instruments used for
the countries, industries and world portfolio are a constant, the short term US interest rate,
the US term spread, the US default spread, and the spread between the dividend yield on the
world portfolio and the US interest rate spread. The instruments for the currency deposits are a
constant, the short term US interest rate, and the spreads between the UK and US interest rate,
the Japanese and US interest rate, and the German and US interest rate. The first panel reports
the maximum Sharpe ratios (annualized) achievable from each set of assets, without and with
no-short sales (nss) restrictions, and the p-values (in parentheses) associated with a Wald test
for the hypothesis of zero loss of efficiency due to the no-short sales restrictions. Panel B reports
the p-values of the Sharpe ratio tests between the different portfolios when short position are
allowed. Panel C shows the p-values when short sales are prohibited. The currency deposits are
not subject to no-short sales constraints.

Panel A: Conditional Sharpe ratios
Countries Industries Ctr + curr Ind + curr

ICAPM

Sharpe p.a.

1.197

1.780

1.744

2.246

1.462

Sharpe (nss) p.a.
Eff. loss nss

0.704

0.797

1.513

1.554

1.462

(0.006)

(0.000)

(0.022)

(0.000)

Panel B: Test of difference of unrestricted Sharpe ratios
Countries Industries Ctr + curr Ind + curr
Countries vs
Industries vs

Ctr + currencies vs
Ind + currencies vs
ICAPM vs

n.a.

(0.008)

n.a.

n.a.

(0.877)

n.a.

(0.000)

n.a.

(0.008)

n.a.

(0.231)

(0.193)

(0.014)

(0.000)

Panel C: Test of difference of no-short sales Sharpe ratios
Countries Industries Ctr + curr Ind + curr
Countries vs
Industries vs
Ctr + currencies vs
Ind + currencies vs

ICAPM vs

n.a.

(0.421)

n.a.

n.a.

(0.002)

(0.000)

n.a.

(0.539)

n.a.

(0.003)

(0.006)

(0.456)

(0.244)

n.a.
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Table 3.6: Simple style analysis: countries vs industries
The table presents the style estimates of each industry in terms of country portfolios (Panel A)
and country styles in terms of global industry portfolios (Panel B), based on style regressions

4:tst= (23+ Et«l i.jrtinch+el1,
s.t. Bi.,2 0 Vi.j, and
Eli Bi.j= 1,
where rjyt is the return on the test asset and Ttl"ch is the return on benchmark asset i. a is the
intercept in the style regression (in percentage). The last rows of both panels report the R2s of
the style regressions.

Res

Panel A: Industry styles in terms of countries
CS
NCS
BasI GenI CCGd NCGd

a(%)
Canada

0.08

-0.15

-0.01

-0.09

0.04

-0.11

-0.16

0.00

0.04

0.09

0.27

0.12

0.08

0.06

0.00

0.00

0.00

0.00

0.07

0.00

France

0.06

0.05

0.00

0.01

0.00

0.01

0.00

0.04

0.00

0.00

Germany

0.00

0.04

0.12

0.12

0.00

0.04

0.09

0.14

0.06

0.04

Italy

0.00

0.01

0.00

0.01

0.02

0.02

0.06

0.03

0.02

0.06

Japan

0.08

0.40

0.31

0.39

0.16

0.28

0.27

0.34

0.17

0.47

UK

0.26

0.16

0.07

0.01

0.14

0.13

0.02

0.03

0.00

0.12

US

0.32

0.23

0.42

0.40

0.67

0.52

0.56

0.41

0.68

0.31

R2

0.44

0.77

0.85

0.73

0.60

0.85

0.51

0.14

0.59

0.75

Panel B: Country styles in terms of industries

Can

Fra

Ger

Ita

Jap

UK

US

a(%)

-0.15

0.26

-0.06

0.07

-0.06

0.25

-0.04

Res

0.37
0.07
0.08

0.21

0.04

0.02

0.00

0.32

0.18

0.11

0.00

0.10

0.23

0.05

0.00

0.19

0.49

0.10

0.00

0.00

0.00

CCGd
NCGd

0.00

0.01

0.04

0.01

0.27

0.00

0.00

0.17

0.00

0.02

0.06

0.00

0.20

0.47

CS

0.00

0.21

0.00

0.00

0.00

0.40

0.04

NCS

0.03

0.11

0.13

0.21

0.00

0.00

0.04

UT

0.00

0.11

0.21

0.07

0.00

0.00

0.00

IT

0.26

0.05

0.08

0.13

0.00

0.04

0.28

Fin

0.00

0.00

0.00

0.30

0.51

0.00

0.00

1?2

0.53

0.40

0.38

0.22

0.66

0.55

0.80

BasI
GenI

UT IT Fin
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Table 3.7: Unconditional style analysis

This table reports the results of the unconditional style analysis. Panel A presents the equally
weighted average R2$ of the 'simple' style regressions
test

rj,t

= aj + Si l di,jrtlnch elt·

The style coefficients are subject to portfolio and nonnegativity constraints. The equally
weighted average IF of the style regressions for all industry test assets represents the ability
of the country benchmark returns to mimick industry returns. Country, industry and ICAPM
portfolios are used as test assets. The ICAPM portfolios consist of the value-weighted G7 market
index returns and the returns on three currency deposits (German Mark - Euro, Japanese Yen
and Pound Sterling). The benchmark assets consist of the country and industry portfolios including the three currency deposits as well as the ICAPM portfolios. As the returns on currency
deposits are excess returns, the style regressions are performed using excess returns whenever
currencies are included in the style regression. Consequently the portfolio constraint no longer
applies. Moreover, currency deposits not subject to no-short sales constraints. Panel B reports
the equally weighted average 1?2s of the exclusive style regressions where overlapping components between the test and benchmark assets have been removed from the benchmark assets.
Panel C reports the p-values of the tests for the significance of the differences in average R2$ of
Panel A. These p-values are calculated based on the empirical distribution of the differences in
average li:2s. "CtrT, IndB" indicates the regression of country styles (country Test assets) in
terms of industries (industry Benchmark assets).

Panel A: Simple style regressions, EW average R2

Countries
Test assets

Countries
Industries

n.a.

0.51

0.53

n.a.

0.58

0.62
0.44

n.a.

0.66

0.67

n.a.

0.37

n.a.

n.a.

n.a.

Panel B: Exclusive style regressions. EW average RY
Benchmark assets
Countries Industries ICAPM Ctr + curr
Countries
n.a.
0.29
0.42
n.a.
Industries
0.53
n.a.
0.59
0.60

Ind + curr

ICAPM

Test assets

Benchmark assets
Industries ICAPM Ctr + curr Ind + curr

0.45
n.a.

Panel C: p-values: test for differences in EW average R2, simple style regr.

IndT, CtrB
CtrT. icapmB
IndT, icapmB
icapmT, CtrB
icapmT, IndB
CtrT, IndcurrB

IndT, CtrcurrB

CtrT,
IndB

IndT,
CtrB

(0.008)

n.a.

CtrT,
icapmB

IndT,

icapmT,

icapmB

CtrB

CtrT,
IndcurrB

n.a.

(0.040)
(0.886)

(0.003)

(0.000)

(0.011)

(0.000)

n.a.
n.a.

(0.000)

(0.000)

(0.002)

n.a.

(0.000)
(0.000)

(0.000)

(0.006)
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Table 3.8: Conditional style analysis
The table presents the equally weighted average 1Ps for conditional style regressions

rikst = a + Et,l diorknch

l k l ikzkt-lrknch + et',

it

it

where rjest and rr"ck are the returns on test and benchmark assets. zk,t-1 is instrument k.
The benchmark assets are returns on managed portfolios. The instruments used for the country,
industry and world index returns are a constant (i.e., the returns on the indices themselves
are included), the US interest rate, the US term spread, the US default spread, and the excess
dividend yield on the world portfolio. The instruments for the currency deposits are a constant,
the short term US interest rate, and the spreads between the UK and US interest rate, the
Japanese and US interest rate, and the German and US interest rate. When currency deposits
are included in the style regression we use excess returns and remove the portfolio constraint.
Panel A presents the equally weighted average R2s of the simple conditional style regressions,
while Panel B reports the results of the exclusive conditional style regressions where overlapping
components between test and benchmark assets have been removed from the benchmark indices.

Test assets

Panel A: Simple style regressions, EW average R2
Benchmark assets
Countries Industries ICAPM Ctr + curr Ind + curr
n.a.
0.53
0.57
0.63
Countries
n.a.
n.a.
n.a.
0.68
0.71
Industries
0.64
n.a.
n.a.
n.a.
0.47
0.38
ICAPM
Panel B: Exclusive style regressions. EW average R2
Benchmark assets
Countries Industries ICAPM Ctr + curr

Test assets

Ind + curr

Countries

n.a.

0.32

0.46

n.a.

0.51

Industries

0.56

n.a.

0.62

0.64

n.a.
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Table 3.9: Conditional efficiency tests: sub-samples
The table reports the results of the conditional efficiency tests for three 10-year sub-samples:
from February 1975 to January 1985, from February 1985 to January 1995 and from February
1995 to February 2005. Panel A presents the p-values of the conditional spanning tests when
short sales are not allowed. Panel B presents the conditional Sharpe ratios (annualized) with
and without no-short sales constraints. The currency deposits are not subject to no-short sales
constraints. It also reports the p-values of the test for efficiency loss due to the no-short sales
constraints. The tests are based on excess returns on managed portfolios.

Panel A: Conditional spanning test p-values, no-short sales
Benchmark assets
Sub-sample

1:

Test assets

Countries

Industries

ICAPM

n.a.

(0.948)

(0.908)

(0.997)
(0.007)

n.a.

(0.301)

(0.002)

n.a.

1975-1985
Countries

Industries
Currencies
Sub-sample 2: 1985-1995
Test assets

Countries

Industries
Currencies
Sub-sample 3: 1995-2005
Test assets
Countries

Industries
Currencies

n.a.

(0.978)

(0.892)

(0.998)
(0.001)

n.a.

(0.442)

(0.042)

n.a.

n.a.

(0.968)

(0.850)

(0.957)
(0.030)

n.a.

(0.902)

(0.008)

n.a.

Panel B: Conditional Sharpe ratios

Sub-sample 1: 1975-1985
Sharpe p.a.
Sharpe (nss) p.a.

Eff. Loss

nss

Sub-sample 2. 1985-1995
Sharpe p.a.
Sharpe (nss) p.a.

Eff. Loss

nss

Sub-sample 3: 1995-2005
Sharpe p.a.
Sharpe (nss) p.a.

Eff. Loss

nss

Countries

Industries

ICAPM

Ctr + curr

Ind + curr

2.138
0.960

3.215

2.270

3.378

4.685

1.111

2.270

2.448

2.456

(0.005)

(0.000)

(0.005)

(0.000)

1.884
0.957

3.226

2.219

2.953

4.686

0.997

2.219

2.279

2.262

(0.011)

(0.000)

(0.021)

(0.000)

3.039

3.454

3.966

4.790

0.953

0.959

(0.000)

(0.000)

2.113
2.113

2.014

2.139

(0.000)

(0.000)
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Table 3.10: Conditional style analysis: subsamples
The table reports the results of the conditional style analysis for three 10-year sub-samples:
from February 1975 to January 1985, from February 1985 to January 1995 and from February
1995 to February 2005. The table reports the equally weighted average R2 of the simple style
regressions. The benchmark assets are returns on managed portfolios.

Conditional style regressions, EW average R2
Benchmark assets
Countries Industries ICAPM Ctr + curr Ind + curr
Sub-sample 1: 1975-1985
Test assets

Countries

n.a.

0.52

0.62

n.a.

0.70

Industries

0.69
0.66

n.a.

0.73

0.79

n.a.

0.50

n.a.

n.a.

n.a.

ICAPM
Sub-sample

2: 1985-1995

Test assets

Countries

n.a.

0.53

0.59

n.a.

0.69

Industries

0.76

n.a.

0.77

0.82

n.a.

ICAPM

0.48

0.41

n.a.

n.a.

n.a.

Countries

n.a.

0.69

0.76

n.a.

0.80

Industries

0.55
0.36

n.a.

0.68

0.71

n.a.

0.35

n.a.

n.a.

n.a.

Sub-sample 3: 1995-2005
Test assets

ICAPM
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Figure 3.1: Currency deposits characteristics: 60-month moving averages
Panel A displays the average correlation between the returns on the country and industry indices
and the returns on the currency deposits. The dashed line represents the average correlation
between country returns and currencies and the solid line reports the average correlation between
industry returns and currencies. We consider returns on three currency deposits: the British
Pound, the Japanse Yen and the spliced series of the German Mark (before 1999) and the Euro
(after 1999). For each 60-month moving window the average is computed over all countries
(industries) and currencies. Panel B reports the average return on the 3 currency deposits over
60-month moving windows.
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Chapter 4
International Diversification in the
Euro-zone
The Increasing Riskiness of Industry Portfolios
4.1

Introduction

The introduction of the Euro in 1999 has sparked further re-examination of the relative
importance of country and industry factors for international equity returns. Due to the
strong regional impact of the monetary and economic convergence process that preceded

and accompanied the transition to the single currency, the evidence presented in the
previous chapter on the relative importance of industry and country factors extracted
from global markets is difficult to extrapolate to the markets of the European Monetary

Union (EMU). Therefore, whereas Chapter 3 examines international equity returns from
the G7 countries, this chapter focuses on the Euro-zone. We take an investor's perspective
to assess the relative importance

of industry and country factors as determinants of equity

returns in the Euro area over the 1990 to 2003 period.
The Euro launch has effectively eliminated intra-Euro-zone currency risk. Moreover,
the foreign exchange rate risk exposure of Euro-zone countries has decreased (Bartram

and Karolyi, 2006). De Santis and Gerard (1998) show that currency risk premiums are
large and economically significant. Different exchange rate exposures across countries
lead to varying currency risk premiums, and may result in lower cross-country corre-

lations.

Conversely, the elimination of currency risk in the EMU may induce higher

correlations between Euro-countries, and potentially reduce the benefits of cross-country
diversification. Indeed, Adjaout6 and Danthine (2001) document a significant increase in
cross-country correlations within the Euro-zone.
So far, the relative importance of country and industry factors in the Euro-zone is still
115
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an open question, as recent studies remain inconclusive. Some papers find an increasing
importance of industry factors in the Euro-zone (Ferreira and Ferreira, 2005, Adjaouta

and Danthine, 2003), while others find evidence in favour of the continuing dominance
of country factors (Rouwenhorst, 1999, Ehling and Ramos, 2006). On the other hand, in
practice the Euro has induced a radical revision of the asset allocation process of many

EMU-area fund managers. A survey by Goldman Sachs/Watson Wyatt (1998)1 suggests
that over 60% of fund managers have switched their allocation strategy from country- to
industry-based.

Similarly to the previous chapter, we re-examine this issue purely from an investor's
perspective by comparing the performance of industry- and country-based portfolios. Our
approach comprises of the performance evaluation of country- and industry-based port-

folios using mean-variance efficiency tests and a style analysis. In a first stage, we use
mean-variance spanning tests to investigate whether adding Euro-wide industry portfolios would significantly enhance the risk-return trade-off of country-based portfolios and
conversely. Using the test developed in Chapter 3, we directly compare cross-country

to cross-industry diversification by testing the difference in maximum Sharpe ratios. As
mean-variance efficient portfolios for a particular sample may often yield extreme long
or short positions, we focus on efficiency tests with short sales constraints.2 In a second

stage, we run a style analysis to examine whether it is easier to replicate the variation of

Euro-wide industry portfolio returns with country equity indices or country index returns
with Euro-wide industry portfolios. In essence, we investigate whether the volatility of
the countries' market returns is due solely to their industry composition and vice versa.

In contrast to spanning and efficiency tests, which are a function of the estimates of both
means and covariances of asset returns, style analysis focuses on the returns covariance
structure, which can be estimated more accurately than mean returns. To assess pure
country and industry effects, we repeat all our tests excluding overlapping components

from the benchmark indices.3

Our sample contains monthly returns on 11 country and 10 Euro-wide industry indices
for all countries that have adopted the Euro since January 1999.4 Our sample period
1

http //www.watsonwyatt.com/europe/pubs/investment/articles/1998_08_05.asp, visited on 16-02-

04

2See Jagannathan and Ma (2003) for the importance of no-short sales constraints to reduce the risk
in estimated optimal portfolios.
1Based on a similar argument Rouwenhorst (1999) computes the correlation of a country (industry)
with the European market index excluding that country (industry).
I We exclude Luxembourg and include Greece that has adopted the Euro in January 2001.
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extends from March 1990 to August 2003.

We find that country- and industry-based portfolios are indistinguishable in terms
of mean-variance efficiency. 5 First, countries span Euro-wide industries and vice versa.
Second, optimal portfolios constructed from either country indices or Euro-wide industry
portfolios yield indistinguishable Sharpe ratios. This holds over the full sample period,

for the sub-samples corresponding to the pre-convergence period, from 1990 to 1994, the
convergence period, from 1995 to 1998 and the post-Euro period, from 1999 to 2003 as
well as for all 60-month rolling windows. However, style analysis uncovers remarkable

differences in relative country and industry performance. Prior to 2000, country composition accounts for a significantly larger fraction of industry return volatility than vice
versa. In contrast, after 2000 it is considerably more difficult to replicate Euro-wide in-

dustry portfolio variance with country benchmarks. This pattern is strengthened when
the assets included in the portfolio being replicated are excluded frOIIl the benchmark
indices. We discuss how the style regression results can be interpreted in the light of the
EMU convergence process and the increasing integration of Euro-zone countries (that is

shown by for instance, Fratzscher, 2002, and Baele et aL, 2004). Indeed, when countries
are becoming more integrated, the replicating abilities of country returns are negatively
affected.

Our results suggest a shift in the structure of Euro-zone equity returns that coinci(ics
with the introduction of the Euro. We find that whereas in the beginning of the 90s

individual country returns were more volatile but less correlated than industry returns, the
opposite holds following the adoption of the single currency. Furthermore, while countryand industry-based portfolios are equally mean-variance efficient throughout our sample

period, after the Euro launch industry portfolios can better replicate country returns than
vice versa. The style analysis also shows that while the level of country return volatility

unrelated to its industry composition (i.e. the country idiosyncratic risk) has remained
relatively stable over time, in contrast, from 1990 to 2003 Euro-wide industry idiosyncratic
risk has more than doubled. This suggests an increasing relative importance of industry
factors.

5 Ehling and Ramos (2006) also compare Euro-zone country and industry based portfolios in terms
of mean variance efficiency and document an outperformance of country portfolios when short sales
constraints are imposed. They employ the Basak, Jagannathan and Sun (2002) approach by testing the
mean variance efficiency of the optimal country (industry) portfolio with respect to a possibly suboptimal
industry (country) portfolio that is restricted to have the same mean return. Often this restriction cannot
be met. In contrast, we test the mean variance efliciency of the optimal country portfolio with respect
to the optimal industry portfolio.
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The large increase in Euro-wide industry idiosyncratic risk has substantially enhanced
the benefits from holding a portfolio optimally diversified across industries within the
Euro-zone rather than a single Euro-zone industry portfolio. During the second half of
the 1990s an optimally diversified industry portfolio with volatility equal to the average

industry volatility returns 5.2% more per annum than the average industry. After the
introduction of the single currency this increases to 9.7% per year. In contrast, the benefits
in terms of risk-adjusted returns from optimally diversifying across EMU countries have
decreased slightly from 5.8% to 5.1% per annum over the same periods. These results
emphasize that the gains from international diversification remain highly significant, even

within a group of closely linked economies like the Euro-zone. Furthermore, our results
show that investing in a single Euro-wide industry has become considerably more risky
over the last decade, and provides little of the benefits that international diversification
has to offer: not only should investors diversify across countries, they should also diversify
across Euro-wide industries.

Our findings are robust to many potential confounding events. First, we conduct
'pseudo style regressions' where the actual index weights of local industries are used as
time-varying and observable regression coefficients. These pseudo replicating portfolios
truly represent trading strategies and do not suffer from estimation error. The pseudo
style regressions confirm our results. Furthermore, our results are unchanged when we
control for the internet hype, for the intra Euro-zone currency risk prior to 1999 and

when we use different lengths of rolling windows. In addition, we adjust the spanning
tests and style analysis for changes in aggregate volatility and we find that our results
are strengthened. Finally, we confirm our findings for a subset of the countries over an

extended sample period starting in February 1975.

The remainder of the chapter is organized as follows. Section 4.2 discusses the methodology. Section 4.3 describes the data. We report and discuss our main results in Section
4.4. Section 4.5 discusses the implications of our results in terms of risk and benefits of
cross-border or cross-industry diversification. Also, it provides an economic interpretation
of the style analysis in the light of the EMU convergence process. Section 4.6 reports the

results of a battery of robustness checks. Section 4.7 concludes.

4.2 Methodology
Similarly to the previous chapter, we conduct our analysis of country and Euro-wide
industry portfolio returns using two complimentary methodologies: efficiency tests and
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style analysis. We apply these procedures in an unconditional setup and we allow for

time variation in the parameters by performing the analysis for three non-overlapping
sub-samples as well as for 60-month moving windows, next to the full sample analysis.
We construct value-weighted Euro-wide industry portfolios by aggregating industry

sub-indices across countries. Similarly, country portfolios are constructed by aggregating

the value-weighted sub-indices of the particular country across industries. As for our

global sample used in Chapter 3, the country and Euro-wide industry indices are all based
on the same universe of sub-indices. Hence a portfolio of all country indices comprises the
same base assets as all industry indices combined. This allows us to directly compare the

benefits of using Euro-wide industries or countries as intermediate portfolio construction
blocks. However, by construction, each country and Euro-wide industry portfolio pair
includes one common sub-index. These common components could be the main source
of the covariance between industry and country portfolios. To assess the extent to which
comovements between aggregate portfolios are due to these common components, we

reconstruct for each Euro-wide industry portfolio its country benchmarks excluding that
industry sub-index, and we do the same for the Euro-wide industry benchmarks used for
each country portfolio.

4.2.1

Efficiency tests

One of the first issues an investor in equities of EMU-countries has to address is whether

countries or in both. Or should she select
a Euro-zone portfolio manager that focuses on cross-industry diversification rather than

she should invest in Euro-wide industries, in

cross-country diversification? In a mean-variance setting, these questions can be reformu-

lated using the Jensen measure (Jensen, 1968, Huberman and Kandel, 1987). The Jensen
measure can be estimated as the intercept in regressions (3.1). If the Jensen measure of
the test asset is significantly different from zero, the portfolio of benchmark assets alone
is inefficient relative to portfolios combining benchmark and test asset. A positive Jensen
measure indicates out-performance of the test asset that can be exploited by taking a

long position in that test asset. Conversely, a test asset with a negative Jensen measure
underperforms the benchmark assets, and requires a short position to attain the optimal
portfolio. A zero Jensen measure implies mean-variance spanning: the mean-variance

frontier remains unchanged when adding the test asset to the benchmark assets in the
investment universe. Investing only in the benchmark assets is sufficient to yield the op-

timal risk return trade-off. In order to test whether the Jensen measures for a set of test
assets are jointly equal to zero (i.e., there is mean-variance spanning), we use a Wald test.
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All details are described in Section 3.2.1.
Since the country and industry portfolios have certain components in common, a
positive (negative) Jensen measure implies that the test assets are underweighted (over

weighted) with respect to the benchmark portfolios. In order to distinguish pure country
and pure industry effects, we compute the Jensen measures after removing from each
benchmark portfolio the components it has in common with the test asset. For example,

if the

French country index is the test asset, all French components are excluded from

the Euro-wide industry benchmarks. These spanning regressions are based on expression
(3.8). After removal of overlapping components, a negative Jensen measure indicates that
a short position should be taken in the test asset and we can now impose no-short sales

restrictions. Differences in the results from the usual spanning tests and the spanning
tests with short sales constraints may stem from the constraints imposed or from the

exclusion of overlapping components from the benchmark assets. In order to distinguish

the two, we also consider the regressions excluding overlapping assets but allowing for
short positions, as discussed above.
The spanning tests described so far compare a portfolio consisting of countries (or
industries) to a portfolio consisting of countries and industries. In order to directly comthe performance of countries versus industries, we adopt the Sharpe ratio test that
is proposed in Chapter 3. We test whether the maximum Sharpe ratio of industry-based
pa.re

portfolios equals that of country-based portfolios. In that case country and industry portfolios are equally efficient. The in-sample maximum Sharpe ratios portfolios often include
extreme long or short positions. Therefore, as for the spanning tests, we focus on maxi-

mum Sharpe ratios portfolios under the no short sales constraint (see De Roon, Nijman
and Werker, 2001).

4.2.2

Style analysis

The second approach that we use to compare country and industry portfolios is returns

In style analysis one identifies the passive portfolio
whose returns most closely track the returns of the tests

based style analysis (Sharpe, 1992).

long in the benchmark assets

asset, and computes the fraction of the test asset return volatility that can be accounted for
by its minlicking style portfolio. Hence style analysis considers the following question: to

what extent is the time series volatility of country returns accounted for by their industry
mimicking portfolios or is there a large fraction of that volatility that is country-specific

and unrelated to industry structure? And what is the fraction of Euro-wide industry

returns that is industry specific and unrelated to their country composition? A typical

4.3. Data
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style regression is specified as follows:
-Rtest = atest

l Rknchmarki + A 3 2 Rbenchmark2 f · · · · B"Rbenchmwk„ + etest

The coefficients of the benchmark assets represent the style of the test asset (Sharpe,
1992), and they are the weights of the benchmark assets in the portfolio whose returns

characteristics most closely replicate those of the test asset. These coefEcients are constrained to be nonnegative and to sum to one. Unlike the efficiency tests, we base our style
analysis on total returns Rt rather than excess returns rt · The weights of the benchmark
assets are chosen such that the variance of the error term ek:t (i.e., the tracking error)

is minimized. In the style analysis, we define performance by considering the portion of
the test asset's variance that can be explained by the replicating portfolio of benchmark
assets. We will refer to this as the Inimicking ability of the benchmarks. The mimicking ability of the countries as benchmark assets is measured by the weighted average R2

of all style regressions for which Euro-wide industry portfolios are the test assets. The
weights of the average R2 are determined by the average index weights of the industries
in the Euro-wide index. Similarly, industry performance is measured by the weighted
average R2 of the style regressions taking the countries as test assets and the industries as

benchmarks. The so-called "simple" style regressions are given by expression (3.9), and

all details are described in Section 3.5.

The weight of the benchmarks in the replicating portfolio may be driven by the assets
common to the test and benchmark portfolios. Therefore, for each test asset, we exclude
the overlapping components from its benchmark assets and implement what we term the
'exclusive' style analysis. This allows us to examine the pure country and pure industry

It implies that the difTerent test assets now have different benchmark indices. The
'exclusive' style regression is based on equation (3.10). Using the procedure outlined in

effects.

Appendix 3.B we test the difference between the average Ri of the style regressions taking
countries as benchmarks and taking industries as benchmarks. This test is performed for
the full sample as well as for the sub-samples.

4.3 Data
We use monthly returns on ten EMU-zone industry indices and eleven country indices

from March 1990 to August 2003, a total of 162 observations. The country/ industry subindices returns and market values are provided by Datastream. We use total return indices

with dividends reinvested. These indices

a:re

denoted in German Mark until January 1,
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1999 and in Euro afterwards. The market values of the indices are denoted in Euro. From

the twelve Euro-countries, we exclude Luxembourg because a large fraction of its equity
flows (and hence its equity returns) is tax motivated.
We perform our analysis over the full sample period, which runs from March 1990 to
August 2003. This sample covers a period preceding the decision to adopt a single currency
as well as the convergence period and the period in which the Euro has been in use. To
examine the effect of the Euro adoption process on our tests, we repeat the tests for three
separate sub-samples that cover different phases of the EMU convergence process. The
pre-convergence sub-sample covers the period from March 1990 to November 1994 and
ends before January 1St, 1995, the date when the Maastricht 'Iteaty entered in vigor. The

convergence sub-sample runs from January 1995 to November 1998. It ends before the

introduction of the Euro. The Euro sub-sample covers the period from January 1999 to
August 2003.

All three sub-samples have comparable sizes (57,47 and

56 observations).

To further investigate how our results change over time and how they are affected by the
choice of sub-sample periods, we also perform a 60-month rolling window analysis. The
first 60-month window starts in March 1990, the second one starts in April 1990 etcetera.

This means that the windows are partially overlapping.
Table 4.1 displays summary statistics over the full sample period for the monthly

returns on the country portfolios (Panel A) and on the industry indices (Panel B) as well
as the one-month Euro-Mark deposit rate, which we use as the risk free rate (Panel C).

The average market value weights of the countries and industries in the Euro-wide market
index are also reported. The country with the highest mean return is Finland. Its mean

return is 18.7% per annum, while the average over all other countries is 10.4% per year.
However, the Finnish index performance mostly reflects the performance of Nokia and the

IT industry,

as Nokia accounts for more than 50% of the index capitalization.6 The null
hypothesis that all mean country returns are zero cannot be rejected, while it is rejected

at a 5% significance level for the industries that have on average a slightly higher annual

mean return of 11.4%. The industry with the highest mean return of 20.4% per year

is IT. The null hypothesis that all mean returns are equal cannot be rejected for either
countries or industries.

Among all industries, the financial sector has the largest capitalization and accounts
for 29% of the Euro-wide market index. Not surprisingly since that they are the two main
6Note that in the exclusive analysis we wilI remove overlapping components between country and
industry indices. We also exclude the IT sector as a whole as a robustness check.
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economies of the Euro-zone, Germany and France constitute more than half of the Euro-

wide market index.7 The industry weights in country indices8 are similar to industry

weights in the Euro-wide index. Similar results hold for country weights in Euro-wide

industry indices.
Industry returns exhibit lower average volatility than country returns. However, crossindustry correlations on average exceed cross-country correlations (0.67 versus 0.57). This
suggests more diversification benefits from cross-country diversification.

However, the

difference in correlations is small and the average is based on the full sample period.

Therefore this correlation structure gives us limited insights into the relative importance

of country and industry factors for international equity returns and their changes over
time.

To analyze changes over time, we compute summary statistics for the three sub-

samples as well as for 60-month rolling windows. These results are reported in Panel
D of Table 4.1 and in Figure 4.1 respectively. Whereas the full sample summary statisties are computed for all individual countries and industries, for the three sub-samples

industries. For each rolling
window a weighted average over all countries and over all industries is calculated, where
the weights are the average weights of the countries and industries in the Euro-wide index
we compute equally weighted averages over all countries and

during that particular window. To be concise, we only discuss the rolling window results
in more detail.
Mean returns follow an inverted U-shaped pattern (these results are not reported in the
chapter). In the first windows the mean monthly returns are on average approximately
5% after which they increase to a level of about 25% in

windows that run from 1995
to 2000. In the later period, the mean returns decrease. In the last windows they are
close to zero or even negative. The value-weighted averages of the mean country and

industry returns are very close, which is due to index construction.9 Figure 4.1 shows
weighted average volatilities and correlations for 60-month rolling windows. In windows

that end before February 2000, individual country returns are on average more volatile but
also less correlated than industry returns. Then, both industry and country volatilities

increase, although average industry volatility increases more steeply. Also, cross-country
correlations increase while cross-industry correlations decrease. As a result, in windows
7While we use a value-weighted average of all style regression R98 (which is influenced by the large
weights of Germany and France), we also calculate equally weighted average .R23 as a robustness check.
8
These results and all other auxiliary results that are discussed later in the chapter that not included
in the tables are available upon request from the authors.
9Indeed, all industry indices combined consist of the same set of assets as all country indices combined.
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ending after February 2000 industry returns are more volatile than country returns but

they are also less correlated.10 Although the rolling window analysis of mean returns,
volatilities and correlations suggests changes in the structure of equity returns in the
Euro-zone, more formal tests are needed to assess the relative importance of country and

industry factors.

4.4 Results
4.4.1

Efficiency tests

We first compare country- and industry-based portfolios in terms of mean-variance ef-

ficiency. Countries outperform industries when they are not spanned by industries or

when their maximum Sharpe ratio is significantly higher than that of the industries. We

perform three kinds of efficiency tests. First, we consider the individual Jensen measures
of the industry or country test assets relative to each other. Subsequently we conduct

multivariate spanning tests. These tests are performed for the full indices and the indices
excluding overlapping components. For the latter, we also perform spanning tests with
short sales constraints on both the benchmark and test assets. Additionally, country
versus industry performance is compared by testing the difference in maximum Sharpe

ratios, with and without short sales constraints. As mean-variance efficient portfolios for
a particular sample often yield extreme long or short positions, we focus primarily on the
results when short sales constraints are imposed.

Full sample efficiency tests
Table 4.2 shows the results of the efficiency tests. Panels A and B present the individual Jensen measures based on the full sample period. All countries and industries have

insignificant Jensen measures. This implies that adding individual industries to the investment set of country portfolios does not improve mean-variance efficiency. Similarly,
the set of industry portfolios is already mean-variance efficient and individual country re-

turns do not have to be added. When country or industry components have been removed

from the benchmark assets, only the industry noncyclical consumer goods (NCGD) sig-

nificantly outperforms the country indices at a 10% significance level. Next we perform
multivariate spanning tests. The results are presented in Panel C. We find that industries
are not spanned by countries when short sales are allowed (both for

full benchmark indices

and for benchmark indices excluding overlapping components) suggesting that investing
10We also considered equally weighted averages. The results remain unchanged.
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in country portfolios alone is inefficient and the investor should add industry portfolios to
her investment set. However, when short sales are restricted the industry out-performance
disappears and we cannot reject the spanning hypothesis. Industries span countries in
all tests. Thus, with short sales constraints countries are spanned by industries and vice
versa. In other words, it is sufficient to invest in country portfolios or in Euro-wide indus-

try indices only When short

sales are allowed, the annualized

industry Sharpe ratio of

1.07 exceeds the country Sharpe ratio of 0.83. They decrease to 0.58 and 0.44 respectively

when short positions are restricted. So both with and without short sales constraints, industries have a higher maximum Sharpe ratio than countries. However, in both cases the
difference is statistically insignificant. In summary, based on the full sample both the

spanning tests and the Sharpe ratios suggest that country- and industry-based portfolios
are equally efficient.

Sub-sample efficiency tests
So far, our analysis is based on the full sample period, from March 1990 to August
2003. However, EMU-zone financial markets went through several structural changes over

that period, such as the adoption of the Maastricht treaty and the introduction of the
Euro. Using data from the whole sample may obscure the impact of these changes on our
tests. Therefore, we repeat the analysis for three different sul.samples: a pre-convergence

period, a convergence period and a Euro period.
The results of the sub-period tests are presented in Panel C of Table 4.2. We focus
on the spanning tests and the Sharpe ratios and we do not report the individual Jensen

With short sales constraints, industries span countries and countries span
industries in all three sub-samples. When short sales are not restricted, this is the case
as well, except in the convergence period, when neither full industry or country indices

measures.

span the others. The tests of the differences in maximum Sharpe ratios convey a similar
message and the differences remain insignificant for all sub-periods, with or without short
sales restrictions.

In general, the sub-period results show that in all three sub-samples countries and
industries are equally efficient. It is sufficient to invest in either country-based or in
industry-based portfolios.

Rolling window efficiency tests
The sub-period analysis may be affected by the dating of the sub-samples. Therefore we
also perform a 60-month rolling window analysis to examine the changes over time of the
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relative mean-variance efficiency of industry- and country-based portfolios.
Figure 4.2 plots the p.values of the null hypothesis of mean-variance spanning. We
use indices excluding overlapping components and we impose short sales

constraints on

both the test assets and the benchmark assets. If the p-values fall below the horizontal
line at 0.05, mean-variance spanning is rejected at a 5% level. When we examine the time
series of p-values we find

that spanning is rejected for industries in only 5 windows out of
the 103 windows, all ending in 2000. In all other windows spanning cannot be rejected.
When short sales are unrestricted, spanning is rejected for industries and countries in a
large number of windows ending before 2002. However, at the end of the sample period
we cannot reject the

null hypotheses that countries are spanned by industries and vice

versa.

Figure 4.3 plots the annualized maximum Sharpe ratios with short sales constraints.
The maximum Sharpe ratios of countries and industries are very close during most of the
period. They start at about 0.25, increase to 2 halfway through the 199Os, and decrease

to about 0.25 again by the end of the sample period. While the rolling window spanning
tests reported industry out-performance in some windows ending in 2000, the difference

in Sharpe ratios is insignificant for all windows. When short sales are unrestricted, the
Sharpe ratios are indistinguishable in all but two windows.
Hence, direct comparison of the performance of country or industry based portfo-

lios does not allow us to detect any significant differences: both approaches to portfolio

construction seem equally eflicient throughout the whole sample period.

4.4.2

Style analysis

We use style analysis as a complementary methodology to assess the relative importance

of country and industry factors. In contrast to the efficiency tests, style analysis focuses
mostly on the covariance structure of country and industry returns. The set of assets that
can best replicate the style of the other set (i.e. that has the best mimicking abilities)
is considered to show superior performance. The mimicking abilities of the benchmark
assets are measured by the weighted average R2 where the weights are determined by the

average index weights of the countries and industries in the Euro-wide index. We test

the significance of the differences in average 12$ by simulating the empirical distributions.

The style regressions are performed for full benchmark indices ('simple' style analysis) and
for benchmark indices that exclude overlapping components with test assets ('exclusive'
style analysis).
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Full sample style analysis
The estimated coefficients and the IPs of the individual style regressions are presented in
Table 4.3 and weighted average R2s in Table 4. In Table 4.3, the columns 'Si.' report the
coefficients of the simple style regressions, while the columns 'Ex.' report the coefficients

of the exclusive analysis. First, the weights of the replicating portfolios are discussed, and
then we examine the mimicking abilities of the benchmarks.
By comparing the coefficients of the simple and the exclusive style analyses, we can
infer whether a certain benchmark has a large weight in the replicating portfolio because
of large overlapping components with the test asset or because its ability to mimic it.

Indeed, we find that in some cases high coefficients disappear after the elimination of
overlapping elements, whereas in other cases the weights remain high. For instance, the
results displayed in Table 4.3, Panel A show that in the simple style analysis the Financial
industry portfolio generally receives high weight in the replicating portfolios for individual
countries. In the exclusive style analysis, when the country test asset is removed from the
benchmark industry indices, the coefficients of the Financial industry remain high. Hence
Financials are important for mimicking country portfolios. Germany and France, the two
main economies in our sample, are important elements of the replicating portfolios for most
industries, as can be seen in Panel B. Conversely, the weight of Information Technology
in the mimicking portfolio of Finland drops from 71% to 23% after the exclusion of the

Finnish components. The difference is even more pronounced for the Dutch index as a
benchmark for Resources. In the simple style analysis it forms 58% of the replicating

portfolio, while without its Resources component it is no longer part of the replicating
portfolio for that industry.
Overall, the coefficients do not seem to be affected much by the exclusion of test assetspecific components from the benchmarks. To shed some light on this, we compute the
Spearman rank correlation between the coefficients of the simple style regressions and

those of the exclusive style regressions. These are presented in the last rows of Panels

A and B. The rank correlation shows the level of association between the two sets of
coefficients. A large positive association implies that the elimination of the overlapping
components has not affected the relative importance of the benchmark indices much.

Indeed, we see that for many countries (Italy is the main exception) and for all industries
the rank correlations are significant and positive.
We evaluate country and industry performance by considering the weighted average
1228 over

all (country- or industry-) test assets, which are reported in Table 4.4. When
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country styles are replicated by industry benchmarks, the average R2 is 82%. Replicating
industry styles in terms of country benchmarks leads to an average R2 of 77%. After
removal of overlapping components, the average R2s both decrease (by 10% and 8% respectively), as it is more difficult to mimic a test asset if the benchmark indices do not

contain any elements of that test asset. Both analyses show that industry benchmark
portfolios can explain a larger fraction of country var·iance than vice versa. Next, we test
whether the difference in average IPs is significant. Appendix B from Chapter 3 describes
how the empirical distributions of the average R28 of the style regressions are simulated.

While for the simple style analysis the difference in average R2 is statistically significant
with a p-value of 0.008, the magnitude of the difference is small (82% versus 77%). Furthermore, for the exclusive style analysis the difference in average R is insignificant (the
p-value is 0.158). We conclude that the mimicking abilities of countries and industries
over the full sample period are comparable. As with the efficiency tests, countries and

industries show similar performance over the full sample period.

Sub-sample style analysis
As for the efficiency tests, we repeat the style analysis on the three sub-samples corresponding to the different phases of the EMU convergence process. In order to test whether
an out-performance is significant, the empirical distributions of the differences in average
R23 in the three sub-samples are simulated. We allow for changes in covariances over time

by estimating different distributions for the three periods.

The results for the pre-convergence, convergence and Euro periods are presented in
Table 4.4. We can now detect clear differences between the sub-samples. The simple style
analysis results in an average R2 of 80% of the country styles in terms of industries in

the pre-convergence period. The style regressions for industry styles in terms of country
benchmarks result in an average R2 is 89%. This indicates an out-performance of countries

in the first period. The difference in average IPs is significant at the

10 percent level, as

is shown by the p-value of 0.076. In the convergence period countries slightly outperform

industries: the average 122 is 84% when industries are the benchmark assets and 85% when
countries are the benchmark assets. This difference is insignificant, both economically and

statistically. Finally, in the Euro period industries outperform countries. The average
/2 taking industries as benchmark assets is 88% and it is 74% when countries are the
benchmark assets. This difference is significant at the 1 percent level. The exclusive style
analysis yields lower levels of average R2 but display similar patterns.
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Rolling window style analysis
We conduct 60-month rolling window style analyses to further investigate how the repli-

cating abilities of countries and industries change over time. Figure 4.4 displays the time
series of weighted average R2 for the simple and exclusive style analysis. The weights
depend on the average index weights of the test assets in the Euro-wide index during the

particular window.
Panel A shows that in the first half of the sample, industry styles can be replicated

more closely with country portfolios than country styles with Euro-wide industries. The
average JFs are 87% and 80% when using the countries and industries respectively as

benchmark assets. In the second half of the sample, the situation is completely reversed.
The regressions for country styles in terms of industry benchmarks yield an average R2

of 88%, which is about 14 percentage points above that of the industry styles in terms
of country benchmarks. The exclusive style analysis yields similar results, although the
averages 1228 are lower and the differences in mimicking abilities are somewhat larger. 11
Panel B shows that the reversal in the mimicking performance ranking of industry and
country portfolios occurs in both figures around the same time period, after the introduc-

tion to the Euro on January 14 1999. It occurs in the window ending in June 1999 for
the simple style analysis and in the window ending in February 2000, for the exclusive
Style analysis. In both cases there is only one point where the lines of the R2 s cross.

This suggests that prior to the introduction of the single currency, countries have better

Inimicking abilities than industries, while the opposite is true after the adoption of the
Euro.

4.5 Discussion
So far, the evidence suggests that on the one hand, country- and industry-based portfolios exhibited similar mean-variance efficiency over the past 13 years, while, on the other
hand, the structure of Euro-zone equity returns changed significantly over the same pe-

riod. Whereas in the early 1990s country returns were more volatile, less correlated and
possessed superior mimicking abilities compared to industry returns, the data suggests
11 At the beginning of the sample period, the style regressions average R2 was about 82% when replieating industries with a portfolio of country indices and 60% when replicating countries with industries.
At the end of the sample, the average 122 was about 65% when replicating industries with countries and
85% when replicating countries with industries.
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the opposite is true in the late 1990s and early 21„t century.12 Thus, for mean-variance
investors country- and industry-based strategies exhibit comparable performances before
and after the introduction of the Euro. However, for investors with alternative objectives,

performance criteria and constraints, the evidence suggests that optimal strategies were
more likely to be country-based prior to the introduction of the Euro and industry-based

afterwards. In this section we examine these results in more detail by investigating the
riskiness of country and industry portfolios. Next, we quantify the gains derived from alternative international diversification strategies. Last, we discuss how the style regressions
for country and industry returns can be interpreted in the light of the EMU convergence
process and the increasing integration of Euro-zone countries.

4.5.1 Idiosyncratic risk
The two approaches we use to compare country and industry performance seem to show

different results. The key to clarify this paradox is idiosyncratic risk. The standard

error of the style regressions can be interpreted as the test asset idiosyncratic volatility
with respect to its mimicking style portfolio of benchmark assets. Figure 4.5 shows the
weighted average standard errors of the style regressions, where the weights are the average
country and industry index weights in the Euro-wide market index. The plot shows that,

for country portfolios, the volatility of the component of country returns orthogonal to
their industry mimicking portfolio has remained relatively stable over time. In contrast,
the plot highlights the dramatic increase of industry idiosyncratic risk, which has more
than doubled over the last 13 years. This suggests that the fraction of industry return

volatility due to the country composition of industries has decreased substantially over
the sample period. However, country and industry-specific risks are mostly diversified
away in optimal portfolios, which provide the same risk-return trade-off. 13
Our results for the Euro-zone are consistent with the findings of Ferreira and Gama
12
Interestingly: Figures 4.1, 4.4 and 4.5 exhibit a clear turning point: average volatilities, correlations
and standard errors shift in 5-year windows that end at the beginning of 2000. Thus, the change in the
structure of equity returns occurs in the period that include four years preceding the introduction of
the Euro and one year following it. To assess whether the weighting of the components of the averages
influences the dating of the reversal, we also compute equally weighted averages. We again find a clear
turning point. However, the windows in which the reversal occurs now end in the last months of 2002
and in early 2003.
13
Further light can be shed on this issue by performing a new set of rolling window style analyses.
Consider the optimal country or industry portfolios as test assets. We take all individual industry and
country indices respectively as benchmark assets. In these optimal portfolios the idiosyncratic risk that
is diflicult to mimic is mostly diversified away and we now find similar country and industry replicating

abilities.
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(2005) who extend the methodology of Campbell, Lettau, Malkiel and Xu (2001) to an

international setting. For a global sample they lind that both global and local industry
risk have increased substantially during the late 9Os, while world and country risk have
remained relatively stable.14 Also, Baele and Inghelbrecht (2005) report an increase in
global industry-specific risk during the late 90s.

4.5.2 Gains from international diversification
The significant increase in Euro-wide industry portfolio idiosyncratic risk suggests that
diversifying across countries within a Euro-wide industry may fail to yield the full benefits

of international diversification. Furthermore, the increasing cross-country correlations
may negatively affect the additional benefits from cross-country diversification. In this
section we shed further light on these issues by quantifying the additional benefits from
cross-country (cross-industry) diversification compared to investing in only one country

(industry).
To estimate the average magnitude of the diversification benefits forfeited by investing
in a single country or Euro-wide industry, we employ a measure inspired by the M2 measure

of Modigliani and Modigliani (1997) that considers risk-adjusted returns. Note that we
employ this measure to quantify the gains from different diversification strategies rather
than to test the performance of country- versus industry-based portfolios. The gains from

optimally diversifying across all industries instead of investing solely in industry i can
be measured as the difference between the excess return of industry i and the return of
a position in the optimal industry portfolio (i.e. the tangency portfolio with short sales
constraints)15 levered up to have a volatility equal to industry i's volatility:

Gainsi = 84 .Of - /4 - (Bept - 8,) .Oi·

(4.1)

The excess return on the diversified industry portfolio adjusted for the risk of industry
i is computed as the product of the Sharpe ratio of the optimal portfolio, 0°Pt, and
14 Note that the underlying model Ferreira and Gama (2005) use to calculate industry idiosyncratic
risk is different from our approach. They decompose global industry returns as the (excess) return on
the world market portfolio and an error term.
15 We also consider the equally weighted country or industry portfolio as a benchmark (instead of
the optimal portfolios). This is a more conservative benchmark for diversification benefits. Moreover,
DeMiguel, Garlappi and Uppal (2005) argue that equally weighted allocation strategies show similar
out-of-sample performance as optimal allocation policies due to the typically large estimation error of
optimal strategies. The results of the equally weighted portfolio generally support our findings, although
the average gains are on a lower level. Our paper compares the in-sample performance of country- and
industry-based strategies and we therefore focus on the optimal portfolio as a benchmark for gains from
international diversification.
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the volatility of industry i, ai. We are interested in the changes over time of these
diversification gains. However, as our rolling window summary statistics (Figure 4.1,
Panel A) show, the average individual industry and country volatility are both increasing
for most of the sample period. Hence, we decompose total volatility 0, into a systematic
and an idiosyncratic part, to make sure our inferences are not based only on changes

in total volatility

We split industry

i's volatility into a systematic component (due

to the country structure) and an idiosyncratic component and we decompose the gains

accordingly:
2

Gains, = (8°pt _ oi) . 5,syst
0,

2

( opt - Bi) .

ai,idiosyncr

01

(4.2)

The idiosyncratic volatility is the error term of the style regression of industry i's style in
terms of the country portfolios. Last, we average the gains over all industries. The average
gains from cross-country diversification are calculated in a similar fashion. To focus on
the changes in diversification benefits arising from the changes in the covariance matrix

of returns rather than those arising from the variations in sub-sample mean returns, we
use constant mean returns for all sub-periods, based on the full sample average.
Table 4.5 reports full sample and sub-sample results.16 First, the average benefits
from optimal international diversification are substantial for both industry- and countrybased portfolios. From 1990 to 2003 the average risk adjusted gains from optimal cross-

country and cross-industry diversification in the Euro-zone are 5.1% and 6.0% per annum.
However the sub-sample results exhibit strikingly different patterns over time. Panel A
reports decreasing gains from cross-country diversification from 8.1% per year in the
pre-convergence period to 5.8% in the convergence period and 5.1% in the Euro period.

Last, when we split the gains according to the volatility decomposition, we find that
the decrease in gains holds for both the part influenced by systematic volatility as well
as the gains influenced by idiosyncratic volatility. However, the main component that

total gains is the idiosyncratic component. These findings are
confirmed by the 60-month rolling window result of Figure 4.8 Panel A. As Euro-wide
industries can replicate country returns increasingly well, they leave a smaller fraction
of the country returns unexplained. This decreases country-specific risk and thereby
causes the decrease in

decreases the geographical diversification potential. In sum, we show a decline in country

idiosyncratic risk and decreasing gains from diversifying across countries.
16Note that the optimal country and industry Sharpe ratios in this table are slightly different from those
reported in table 2. The reason is that in this section we use constant mean returns for all subsamples,
equal to the full sample average.
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Panel B of Table 4.5 reports the average gains from cross-industry diversification,
which increase from 7.2% per year in the pre-convergence period to 9.7% in the post-Euro
period, after a brief decline to 5.2% per annum in the convergence period. This pattern

holds for both the systematic and the idiosyncratic components. In fact, we find that
the fraction of the total gains influenced by industry idiosyncratic volatility have almost

tripled from 0.7% in the convergence to 2.0% in the Euro period. Figure 4.8 Panel B
reports a similar pattern for 60-month moving windows. Due to this increasing industry
idiosyncratic risk, investing in one Euro-wide industry fails to deliver full international
diversification benefits. The gains from diversifying across industries rather than investing

in one Euro-wide industry have almost doubled from the second half of the 90s to the
Euro period. These results stress the importance of international diversification, within
17
the Euro-zone, both across countries and across Euro-wide industries.

4.5.3

Interpreting style regressions in light of the EMU convergence process

We document a change in the relative importance of country and industry factors for
Euro-zone equity returns. Our style analysis results suggest that whereas in the first

half of the 90s country factors dominate, approximately when the Euro is introduced this
reverses and industry factors become more important. In this section we discuss how the
style regressions for country and industry returns can be interpreted when countries are
becoming more integrated.

The Euro-countries are characterized by the elimination of intra-Euro-zone currency
risk as of January 1999, as well as by their monetary and economic convergence. These
are all issues that increase the level of financial market integration in this region. Indeed,

Fratzscher (2002) shows that Euro-countries have become highly integrated, which is
largely explained by the reduced exchange rate uncertainty and the monetary policy
convergence (see also Hartmann, Maddaloni and Manganelli, 2003, Baele et at., 2004,

Hardouvelis, Malliaropulos and Priestley, 2006). A consequence of the more integrated
markets is a decreasing exposure to country-specific factors and an increasing in exposure

to Euro-wide or global factors. Bartram and Karolyi (2006) also report a decreasing
17As an alternative measure for diversification gains we consider the volatility reduction associated
with the diversification strategies. Here we disregard any differences in mean returns and we take the
difference between an individual industry (country) portfolio's volatility and the diversified industry
(country) portfolio's volatility and averaging over all industries (countries). The results support our
finding that the gains from cross-country diversification (compared to investing in one country) have

decreased, while the gains from cross-industry diversification have increased dramatically. The results

are available upon request from the authors.
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exposure of Euro-zone equity returns to country factors due to the reduction of foreign

exchange rate risk. Hence, the Euro-countries can be distinguished from other markets
by the increasing level of integration due to the EMU convergence process.

In order to examine the impact of the integration of Euro-zone countries on the
country-industry style regressions we assume a simple three-factor model for local industry returns, with a market factor (global or Euro-wide), a country factor and a Euro-wide
industry factor:

r,jt = 6'jtAft + 13,jeCit + 7ijtIjt + fijt,

(4.3)

where rijt is the (excess) return on the index of local industry j in country i. lift is the
market factor, Cit is the country factor for country i, Ijt is the Euro-wide industry factor
for industry j and €ijt is the idiosyncratic return component. Everything is assumed to
be time-varying and for simplicity we remove the time subscript for the remainder of the
discussion. We denote countries by I and industries by y. If we aggregate across all N

local industries we get the following expression for the return on the index of country i
(wJz·· is the weight of industry j in the index of country i):
N

N

N

N

N

Z Wjir,j = Z wji<,jAI + Z Wji/30(1 + E Wji'Yij·4 + E Wj,€ij
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(4.4)

j=1

We define the exposures of the country return to the market factor ((f) and to the
country factor (B:) as the weighted sum of the local industry exposures, and the country

idiosyncratic return (4) is the weighted sum of the local industry idiosyncratic returns.
Similarly, we can aggregate over all K countries within a certain industry to find the Eurowide industry return (w·ZJ· is the weight of country i in the index of Furo-wide industry j)
K
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i=1

These expressions for country and Euro-wide industry returns can be related to the style

regressions. The use of Euro-wide industry returns to replicate country returns and vice
versa can be motivated by the exposure of the components of the country and industry
indices (the local industries) to both country and industry factors. Consequently the
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country and Euro-wide industry indices are influenced by those factors as well.

Now, what is the impact of the high integration of the Euro-countries on the country
and Euro-wide industry returns? For these integrated country returns, common market
factors matter rather than country-specific factors. Consequently the exposure to the
country factor, Bix, will be low (close to zero). Carrieri, Errunza and Sarkissian (2004a)
argue that a country is integrated if most of its local industries are integrated. Hence,
the exposures of the local industries to the country factors, Bij, are low. As the exposure

of the country return to the country factor, Bf, is the weighted average of the local
industry betas, this exposure will indeed be low and hence the country is integrated. Full
integration, i.e., g' = 0, implies the following for country returns:
N

17 = (i,M + E wji'yijIj + €f

(4.6)

j=1

This suggests that a style regression in which we use Euro-wide industries to replicate the
country return would work relatively well and industries have good replicating abilities.
On the other hand, if most local industries are integrated into the Euro-zone market, their
exposures to the country factors will be low and the Euro-wide industry return is mainly
affected by the market factor and the industry-specific factor. Hence one could expect that
a style regression in which industry returns are being replicated by country returns does

not perform well. The countries' replicating abilities are worse and the industry return
variation left unexplained, which we define as industry idiosyncratic risk, increases.
The empirical results of our style analysis indeed show that during the sample period,

industry portfolios are becoming better able to replicate country portfolios, while country
portfolios are becoming less able to replicate industry portfolios. Also, we document
increasing industry idiosyncratic risk for Euro-zone equity returns. In this section we
argue that these results can be interpreted in the light of the EMU convergence process by
which country-specific factors are becoming less important compared to common market

factors. Of course, an alternative explanation is that industry factors have become more
important. Our empirical results do not allow us to make this distinction.

4.6

Sensitivity analysis

This section discusses a number of robustness checks. First, we propose 'pseudo style
regressions' in which we eliminate estimation error in the style coefficients by taking
observable predetermined weights. Second, we examine a number of possible confounding
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events that might affect our findings, such as time-varying aggregate market volatility,

the internet bubble, intra Euro-zone currency risk before 1999 and the size of the rolling
window. 18

4.6.1

Pseudo style regressions

Sharpe (1992) suggests that the performance of a portfolio can be determined by comparing its return to the return on a replicating portfolio with the same style. The returns on
the mimicking portfolio should represent returns of feasible trading strategies, i.e. they
are subject to portfolio and short sales constraints. Due to these constraints however,

the intercept of the style regressions cannot be interpreted as a measure of in-sample
out-performance in the same way as the Jensen measure.19 Rather, in the style analysis
we focus on the R.2 as a measure of performance of the benchmark assets. Also, the style
coefilcients have to be estimated and consequently, they are subject to estimation error.

In this section we propose an alternative approach, referred to as pseudo style regressions. Here we form a mimicking industry portfolio for a specific country by using as
coefficients the weights of the local industries in that country index. Thus the pseudo
mimicking portfolio of the French index consists of a weighted sum of all Euro-wide industry indices, where the weights are the market value weights of the Ftench industries
in the French country index. The coefficients of the pseudo regressions are observable
at the beginning of each period, they are time-varying and they do not suffer from es-

timation error. By construction, portfolio and positivity constraints on the weights are
always satisfied. The pseudo regression can therefore be interpreted as a style regression
with time-varying and predetermined slope coefficients and we can interpret the pseudo
regression's 122 as a measure of the mimicking abilities of the benchmark assets. At the

same time, the pseudo mimicking portfolios are true trading strategies and constitute
appropriate benchmarks to evaluate the performance of the test assets. Therefore, the
pseudo style regression can also be interpreted as a Jensen regression with the pseudo
18We also repeat the whole analysis for a subset of the countries over an extended sample period
starting in February 1975. These results of this analysis are available from the authors. Strikingly,
over the 28 year period between 1975 and 2003, country- and industry-based portfolios are in general
equally mean-variance efficient. The style analysis shows that in 5-year windows ending before 1985
industries can better replicate country styles than vice versa. Then, the mimicking abilities of industries
and countries are quite close during a large part of the windows. Again, in the last windows (ending after
1999) industries outperform countries. In sum, the results for this extended sample period confirm our
findings for the 1990-2003 period.
190f course' if the slope coefficients in the Jensen regression satisfy the portfolio and positivity constraints the intercept in the style regression will coincide with the Jensen measure. Furthermore, the

style regression intercept can be used as an out-of-sample performance measure (Sharpe, 1992).
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mimicking portfolio as the benchmark and a slope coefficient equal to one. We can now
interpret the intercept of the pseudo style regressions as a measure of out-performance of
the test asset, because contrary to the style analysis we do not have to impose additional
constraints on the pseudo regression. We test the joint significance of all country or in-

dustry intercepts, using a simple Wald test. These pseudo style regressions link the style
regressions and the regressions used for spanning tests.

First, we compare the weighted average Rvs of the pseudo regressions to the results
of the style analysis. The results for the full sample and the sub-samples arc reported in
Table 4.6, Panel A. These results are directly comparable to the tests reported in Table
4.4. Indeed, the patterns are very similar to those of the style analysis, but the average
R2s are a few percentage points lower. In the pre-convergence and convergence periods,

industries can be replicated more closely with country investments than countries with
Euro-wide industries, while the opposite is true in the Euro period as well as over the

full sample. Notable is the decrease in the Euro period of the fraction of industry returns
volatility explained by their ex-ante investable country mimicking portfolios relative to the
ex-post country style benchmarks reported in Table 4.4: average R28 of 52% versus 74%
for the simple analysis and 32% versus 63% for the exclusive regressions. This suggests
that, in the post-Euro period, little of industry portfolio ex-ante volatility is related to
country factors. Rolling windows average R2 s are very similar to those of the style analysis,

except for the sharp decline in country performance in the Euro period. The reversal in
the mimicking performance ranking of industry and country portfolios occurs in April
and November 1999 for the simple and exclusive pseudo regressions respectively (two and

three months earlier than in the corresponding style analysis). These results confirm and
reinforce the results of the preceding sections.
Second, we test the significance of the intercepts of the pseudo regressions. The results
of the tests for joint significance of all country and industry intercepts for the full sample

and the sub-samples are presented in Panel B of Table 4.6. These results are can be
compared to the spanning tests reported in Panel C of Table 4.2. Although broadly

similar, the pseudo spanning tests reject the null hypothesis of spanning more often and
more strongly than the spanning tests in Table 4.2. This is not surprising as the tests in
Table 4.2 consider all feasible strategies and select the one which e»post generated the
highest risk reward ratio while the tests reported in Table 4.6 consider only one specific
strategy. Table 4.6 is instructive as it evaluates a feasible e»ante strategy that exactly
matches the country exposure (in terms of index weights) of the Euro-wide industry

portfolios or the industry exposure of the country indices and it tells us that in many
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instances even if this matching accounts for a large fraction of the volatility of the portfolio
being matched, significant differences in the performance of the matching and matched
portfolio remain. In the rolling window tests, we find that the intercepts are significantly

different from zero in

a large

number of windows ending before January 2002. Thereafter

the null hypothesis of zero intercepts generally cannot be rejected. In summary, the tests
of the intercepts of the pseudo regressions are consistent with the results of our spanning
tests.

4.6.2

Other robustness checks

Next to the pseudo regressions we conduct a number of further robustness checks. To be
concise, we do not report the results but we briefly discuss them below.

First, in periods of high market volatility, a portfolio of benchmark assets may explain
a smaller fraction of the variance of the test portfolio, not because of lower correlations
but because of a higher aggregate variance. This may affect the results of both spanning
tests and style analysis. We therefore adjust both methodologies to incorporate timevarying aggregate market volatility by using scaled returns. We divide the (excess) time

t + 1 return by the estimated conditional market volatility over the same period. Now
we can interpret the scaled (excess) returns

ofirt+1 as the payoff of an aitively managed

portfolio when each period ot-1 is invested in the assets that are included in the vector
of (excess) returns T. Note that there is a leverage effect. When the market is more
volatile, less will be invested in the risky assets and more in the risk free asset. As the
returns on the right hand side and the left hand side of the regressions are scaled by the
same variable
are

0,

which is always positive, the portfolio and nonnegativity constraints

still valid. Engle's ARCH test (Engle,

1982) shows that the Euro-wide market index

indeed exhibits volatility clustering. We estimate this time-varying market volatility using
a simple GARCH(1,1) specification (Bollerslev, 1986), which we estimate by maximum

likelihood.20 We find that the results of both style and efficiency tests are nearly identical
after controlling for time-varying market volatility. This suggests that the changes in the

relative performance of industry and country-based portfolios cannot be accounted for by
changes in aggregate market volatility.

A second possible concern is the impact of the internet bubble on our findings. At
the end of the nineties, the world equity markets were affected by the dot.com mania
20We also estimated two asymmetric models: EGARCH(1,1) and the GJR(1,1) model but we find that
for both models the leverage parameter is insignificant. This suggests that asymmetry may not be present
in our data.
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During 1999, the level of the Nasdaq composite index doubled. However, the internet
and information technology bubble burst in the beginning of 2000 when on April 14th _
"Black Friday"- the Nasdaq index dropped to a level more than 34% below the peak on 10
March.21 Brooks and Del Negro (2004) suggest that the increasing importance of industry

factors may be an artefact of the internet bubble, and show that controlling for the bubble
accounts for most of the change in industry importance. To distinguish the impact of the

introduction of the Euro at the beginning of 1999 from this internet bubble, we perform
all efficiency tests and style analyses excluding the sector information technology (IT)
from the country and industry indices. In line with our previous results, we find that,
when we exclude IT, industry and country portfolios are equally mean-variance efficient.
The results of the style analysis also remain largely unaffected. Furthermore, the weighted
average standard errors of the style regressions are very similar after exclusion of the IT

sector. Hence the dramatic increase in industry idiosyncratic risk is not limited to the IT
sector, which is consistent with Ferreira and Gama (2005). In summary, our results are

robust for the internet bubble.

Third, since the elimination of intra Euro-zone currency risk due to the adoption of
the Euro in 1999 could have significantly affected the covariance of returns of Euro-zone
assets, we investigate whether using currency risk hedged returns prior to 1999 affects our
results. For the period before the introduction of the Euro, we include returns on currency
indices as additional benchmark assets in the style regressions, both when country and

industry indices are the dependent variables. 22 In the spanning tests we use returns
on forward currency contracts, which are zero-investment securities and the returns can

therefore be interpreted as excess returns. As it is easy to take a short position in a

forward currency contract, they are not subject to short sales constraints. Our findings

that before the Euro launch country and industry portfolios are equally mean-variance
efficient while country portfolios have superior replicating abilities are confirmed when
controlling for intra-Euro-zone currency risk.
Last, by performing the rolling window analyses for 36-month windows, we examine
the impact of the size of the windows on our results. We now have 127 windows in total.

In particular, there are more windows after the introduction of the Euro. These 36-month
moving window results confirm our 60-month moving window results.

21

Source: 'After the gold rush', The Economist, April 20th 2000
22The currency indices are computed by dividing the price index of a country's industry expressed in
the local currency by the same index denoted in German Mark.
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Conclusion

In this chapter we investigate the relative importance of country and industry factors as
determinants of international equity returns in the Euro-zone over the period 1990 to 2003.
The country-industry debate has been alive for over 30 years now. Whereas most papers
employ the Heston and Rouwenhorst (1994) methodology that assumes a unit exposure
to the common factor, we take a different perspective and compare the performance of

industry- and country-based portfolios in terms of mean-variance efficiency and in terms
of replicating abilities of style portfolios.

We find that even though country or industry portfolios yield statistically indistinguishable Sharpe ratios throughout the sample period, the underlying structure of Eurozone equity returns has changed dramatically. In the first half of the 199Os, country returns
were on average more volatile and less correlated than Euro-wide industry returns. In the

late 1990s and early 21'1 century the situation is reversed: industry returns exhibit higher
average volatility and lower correlations than country returns. Style analysis shows that

the fraction of industry returns variance that can be explained by the country returns
decreases. Consequently, industry-specific idiosyncratic risk has more than doubled over
the last decade while country-specific risk has remained relatively stable. After the Euro
launch industry portfolios can better replicate country returns than vice versa. These style
regression results can be interpreted in the light of the EMU convergence process and the

increasing integration of Euro-zone countries. Indeed, when countries are becoming more
integrated, the replicating abilities of country returns are negatively affected.

In sum, for mean-variance investors country- and industry-based strategies have comparable performance before and after the introduction of the Euro. However, for investors

with alternative objectives, performance criteria and constraints, the evidence suggests
that optimal strategies were more likely to switch to industry-based after the Euro launch.
While the benefits of cross-country diversification within the Euro-zone remain substantial at 5.1% per annum on a risk adjusted basis, our results highlight the risks of single
Euro-wide industry strategies. Because of the large increase in Euro-wide industry idiosyncratic risk, a cross. border portfolio confined to a single industry within the Euro-zone
fails to deliver the expected benefits of international diversification. Indeed, the average
gains from optimal cross-industry diversification have increased dramatically from 5.2%

per annum in the second half of the 90s to 9.7% per year in the Euro period, based on the
M2 measure. Hence, not only should investors diversify across country portfolios, they
should also diversify across Euro-wide industry portfolios.
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Table 4.1: Summary statistics of Euro-zone country and Euro-wide industry portfolio
returns

The table reports summary statistics of the monthly returns on EMU country and Euro-wide
industry equity indices as well as the one-month Euro-Mark interest rate. p(1) is the first order
autocorrelation. c(ctry) and c(ind) are the averages of the correlations of the index return with
each of the country indices and with each of the industry indices. The columns 'weight' give
the average weights of industries and countries in the Euro-wide market portfolio. The last two
rows of Panels A to C report Wald tests of the null hypotheses that all mean returns are zero
and that all mean returns are equal (p-values in parentheses). The sample period extends from
March 1990 to August 2003 (162 observations). Panel D reports summary statistics (averaged
over all countries and industries) for the three sub-samples: the pre-convergence period runs
from March 1990 to November 1994 (57 obs.), the convergence period is from January 1995 to
November 1998 (47 obs.) and the Euro period extends from January 1999 to August 2003 (56
obs.). The last two columns report the Wald tests of the null hypotheses that all means are
zero and that all means are equal respectively (p-values in parentheses). The mean, standard
deviation, minimum and maximum returns are given as annual percentages. The 10 industries
are: Resources (lies), Basic Industries (BasI), General Industries (GenI), Cyclical Consumer
Goods (CCGd), Non-Cyclical Consumer Goods (NCGd), Cyclical Services (CS), Non-Cyclical
Services (NCS), Utilities (UT), Information Technology (IT), and Financials (Fin).
Panel A: Returns on country indices
max.
min.
stdv.
c(ctry) c(ind)
(% p.a.) (% p.a.)
(% p.a.) (% p.a.)
mean

P(1)

weight

(%)

Belgium
Germany
Finland

9.23
7.27

16.58

0.607

0.673

-161.51

152.39

0.134

3.86

19.84

0.665

0.770

-219.05

194.41

0.090

27.45

18.65

36.68

0.506

0.568

-314.45

428.61

0.205

2.82

France

11.12

20.12

0.670

0.785

-179.31

198.06

0.090

24.97

Greece

14.62

36.98

0.369

0.377

-299.39

669.11

0.080

1.07

Ireland

12.62

21.16

0.565

0.609

-245.32

273.79

0.100

1.39

7.87

27.16

0.544

0.635

-213.39

313.77

-0.048

12.03

12.04

17.86

0.676

0.769

-235.21

143.21

0.053

15.76

2.81

18.54

0.495

0.539

-220.85

192.07

0.017

1.26

Portugal
12.01
23.42
Spain
10.35
23.56
Avg.
means
are
zero
Ho: country
Ho: country means are equal

0.556

0.582

-258.54

356.59

0.123

1.18

0.629

0.691

-232.72

271.41

0.055

8.21

0.571

0.636

-234.52

290.31

0.082

Italy

Netherlands

Austria

5.61

20.79

(0.382)
(0.618)
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Panel B: Returns on industry indices

mean

stdv.

c(ctry)

c(ind)

(% p.a.) (% p.a.)

min.

max.

(% p.a.)

(% P.a.)

P(1)

weight

(%)

Res

13.99

18.14

0.494

0.523

-213.07

215.48

0.031

BasI
GenI

8.59

19.31

0.732

-187.95

177.09

0.096

9.76

8.65

21.69

0.694
0.697

0.759

-216.51

180.45

0.067

11.62

8.67

CCGd
NCGd

7.00

23.39

0.671

0.718

-264.18

195.66

0.117

5.81

12.00

14.68

0.589

0.620

-133.20

174.78

0.118

9.06

CS

8.82

20.00

0.693

0.736

-212.48

256.64

0.136

7.25

NCS

14.59

24.77

0.611

0.627

-227.98

302.23

0.168

9.59
4.58

UT

11.37

14.86

0.576

0.588

-152.73

132.00

0.098

IT

20.42

35.61

0.619

0.647

-312.06

408.92

0.137

4.82

8.91

20.45

0.715

0.731

-241.56

222.53

0.059

28.83

0.636

0.668

-216.17

226.58

0.103

Fin

11.43
21.29
Avg.
Ho: industry means are zero
Ho: industry means are equal

(O.006)

(0.426)

Panel C: Interest rate Germany Euro-Mark l month middle rate
mean
stdv.
min.
max.

(% p.a.) (% p.a.)
Rf

4.99

(% P.a.)
2.07

0.65

(% P.a.)
9.40

Ho: mean interest rate is zero

(0.000)

Panel D: Summary statistics sub-samples
average over all ctr or ind
Ho on mean returns
rnean

stdv.

equal
rneans

0.641

(0.185)

(0.617)

0.726

(0.000)

(0.003)

0.565

0.591

(0.284)

(0.348)

(0.179)

0.513

Conv.

23.08

0.674

Euro
0.80
22.88
Returns on industry indices
Pre-conv.

26.08

zero

means

c(ctry)

(% p.a.) (% p.a.)
Returns on country indices
Pre-conv.
5.51
23.51

c(ind)

7.96

16.81

0.641

0.772

(0.029)

Conv.

25.08

20.23

0.726

0.772

(0.000)

(0.002)

Euro

2.47

25.10

0.591

0.563

(0.904)

(0.906)

4.A. Thbles and figures

143

Table 4.2: Efficiency tests for countries and industries
Panel A reports the Jensen measures ( a') as a annual percentage return and the corresponding
t-values for the full sample period for each industry portfolio. Panel B reports the Jensen
measures for each country portfolio. Under the 'full indices' heading industry Jensen measures
are computed using total country portfolios as benchmarks and conversely. Under 'Excl. overl.'
the benchmark portfolios exclude overlapping components with the tests assets. Panel C gives
results for the spanning test and the Sharpe ratios for the full sample period and three subperiods,
on an annual basis. The p-values of the null hypothesis of mean-variance spanning are given
in brackets. The spanning tests are reported first using total index portfolios as benchmarks,
second, ('excl') using benchmark portfolios excluding overlapping with the test assets, and third,
('excl nss') with short sales constraints on both the test assets and the benchmark assets and
no overlap between benchmark and test asset. 'Sharpe ratio nss' is the maximum Sharpe ratios
when short sales are not allowed. The p-values of the null hypothesis of equal Sharpe ratios of

industries and countries are given in parentheses.
Panel A: Industry Jensen measures, full sample period
Excl. overl.
Full indices

a (% p.a.) t-value a (% p.a.)

t-value

Res

2.82

0.85

-5.33

1.35

BasI

-0.92

-0.39

1.33

-0.53

GenI

-0.43

-0.25

0.70

-0.34

CCGD
NCGD

-2.43

-0.75

3.11

-0.89

3.43

1.44

-4.45

1.73

CS

-1.36

-0.67

1.05

-0.47

NCS

4.58

1.35

-4.65

1.09

UT

2.75

1.17

-3.16

1.20

IT

5.25

1.37

-7.38

1.44

Fin

-0.44

-0.22

0.40

-0.13

Panel B: Country Jensen measures,
Full indices

full sample period

Excl. overl.
a (% p. a.) t-value a (% p.a.) t-value

Belgium
Germany
Finland

-0.73

-0.32

-0.29

-0.12

-1.08
-4.49

-0.65

-2.33

-0.93

-0.77

2.26

0.31

France

-1.43

-0.83

0.30

0.11

Greece

0.85

7.94

0.88

Ireland

7.56
2.12

0.53

2.55

0.64

Italy

-0.89

-2.50

-0.56

-4.64

Netherlands

1.16

2.32

1.05

Austria
Portugal

-4.46

0.68
-1.23

-4.34

-1.18

-4.26

-1.09

-3.99

-1.00

Spain

-0.72

-0.20

2.23

0.54
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Panel C: Spanning tests and Sharpe ratios for full sample period and three sub-samples
Full sample
Pre-conv.
Conv.
Euro
Mar90-Nov94
Jan95-Nov98
Mar90-Aug03
Jan99-Aug03
Ho: industries are spanned by countries
p-value

(0.039)

(0.101)

(0.025)

excl

(0.044)

(0.278)

(0.162)

(0.773)

(0.633)
Ho: countries are spanned by industries

(0.937)

(0.593)

(0.954)

p-value

(0.205)

(0.631)

(0.017)

(0.113)

excl

(0.835)

(0.833)

(0.178)

(0.196)

excl, nss
(0.994)
Unconstrained Sharpe ratios (p.a.)
Industries
1.066
Countries
0.827

(0.977)

(0.961)

(0.969)

1.780

4.016

1.060

1.438

3.138

1.618

(0.593)

(0.222)

(0.297)

0.355

1.713

0.301

0.388

1.595

0.307

(0.910)

(0.734)

(0.987)

excl, nss

Ho: SR ind = SR etr

(0.449)
No-short sale Sharpe ratios (p.a.)
Industries
0.581
Countries
0.444
Ho: SR ind nss = SR ctrus
(0.403)

(0.704)
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Table 4.3: Style analysis for countries and industries
The table reports the benchmark portfolios style regression coefficients and the regression IP.
The coefficients of each style regression are constrained to be positive and to sum to one. Panel
A reports the style of countries in terms of industry benchmarks while Panel B reports the
style of industries in terms of country benchmarks. The columns 'Si.' report the coefficients
of the simple style analysis, while the columns 'Ex.' report the coefficients of the exclusive
style analysis in which the overlapping components with the test assets have been removed from
the benchmark assets. The last rows of both panels give the Spearman rank correlation for
the association between the style regression coefiicients estimated with or without overlapping
components in the benchmark assets. *, **, and *** denote significance at the 10, 5 and 1%
levels respectively.

Panel A: Country styles in terms of industry benchmarks
Ireland
France
Greece
Finland
Germany
Belgium
Si. Ex. Si. Ex. Si. Ex. Si. Ex. Si. Ex. Si. Ex.
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
intercept 0.00 0.00 0.00 0.00

Res

0.00

0.00

0.01

0.09

0.22

0.29

0.05

0.12

0.00

0.00

0.17

0.20

BasI
GenI

0.18

0.18

0.03

0.02

0.03

0.03

0.02

0.05

0.32

0.23

0.11

0.07

0.00

0.00

0.46

0.22

0.00

0.00

0.23

0.28

0.00

0.00

0.00

0.00

CCGd
NCGd

0.00

0.00

0.00

0.00

0.00

0.00

0.04

0.00

0.11

0.23

0.06

0.10

0.36

0.47

0.00

0.07

0.00

0.00

0.30

0.14

0.00

0.00

0.06

0.00

CS

0.00

0.00

0.09

0.29

0.00

0.00

0.09

0.00

0.11

0.16

0.20

0.20

NCS

0.00

0.02

0.10

0.05

0.01

0.45

0.10

0.20

0.09

0.06

0.00

0.00

UT

0.25

0.12

0.00

0.00

0.03

0.00

0.00

0.01

0.06

0.14

0.24

0.28

IT

0.00

0.00

0.00

0.04

0.71

0.23

0.13

0.01

0.00

0.00

0.00

0.00

Fin

0.21

0.22

0.30

0.22

0.00

0.00

0.04

0.19

0.31

0.18

0.16

0.16

R2

0.76

0.71

0.91

0.80

0.63

0.48

0.90

0.80

0.23

0.21

0.56

0.55

rankcorr.

0.87***

0.65*

Italy

Netherlands

0.3

0.87***

Portugal

Spain

0.23

Panel A (continued)
Austria

Si. Ex. Si. Ex. Si. Ex. Si. Ex. Si. Ex.
intercept 0.00 0.00

0.00

0.00

-0.01

-0.01

0.00

0.00

0.00

0.00

Res

0.01

0.05

0.20

0.08

0.11

0.12

0.00

0.00

0.00

0.02

BasI
GenI

0.00

0.11

0.10

0.25

0.42

0.39

0.00

0.00

0.00

0.00

0.00

0.09

0.00

0.01

0.00

0.00

0.00

0.00

0.00

0.00

CCGd
NCGd

0.29

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.11

0.18

0.00

0.00

0.13

0.15

0.23

0.26

0.37

0.39

0.00

0.10

CS

0.00

0.25

0.26

0.14

0.00

0.00

0.15

0.20

0.00

0.21

NCS

0.33

0.00

0.00

0.00

0.00

0.00

0.26

0.23

0.26

0.23

UT

0.07

0.31

0.00

0.08

0.14

0.11

0.02

0.00

0.38

0.00

IT

0.00

0.16

0.06

0.09

0.00

0.00

0.00

0.00

0.03

0.00

Fin

0.30

0.02

0.25

0.20

0.10

0.12

0.19

0.18

0.22

0.26

12

0.63

0.49

0.88

0.81

0.48

0.46

0.52

0.51

0.74

0.64

rankcorr.

-0.5

0.80***

0.98***

0.80***

0.22

0.90***
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Panel B: Industry styles in terms

of country benchmarks
CCGd
NCGd
Si. Ex. Si. Ex. Si. Ex. Si. Ex. Si. Ex.
Res

BasI

GenI

intercept

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

Belgium
Germany
Finland

0.00

0.28

0.10

0.07

0.00

0.00

0.02

0.03

0.48

0.55

0.00

0.00

0.13

0.06

0.59

0.52

0.28

0.12

0.00

0.00

0.00

0.06

0.02

0.01

0.00

0.00

0.00

0.00

0.00

0.00

France

0.02

0.10

0.20

0.20

0.35

0.40

0.27

0.25

0.23

0.11

Greece

0.00

0.03

0.04

0.00

0.00

0.04

0.04

0.00

0.00

Ireland

0.00
0.12

0.23

0.05

0.00

0.00

0.01

0.10

0.09

0.02

0.05

Italy

0.05

0.04

0.05

0.07

0.06

0.07

0.21

0.20

0.00

0.00

Netherlands

0.58

0.00

0.21

0.31

0.00

0.00

0.00

0.11

0.07

0.00

Austria

0.22

0.28

0.20

0.24

0.00

0.00

0.09

0.12

0.15

0.18

Portugal

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.05

0.12

Spain

0.00

0.00

0.00

0.00

0.00

0.01

0.00

0.03

0.00

0.00

R

0.45

0.34

0.83

0.80

0.91

0.88

0.77

0.74

0.63

0.57

rankcorr.

0.60*

0.89***

0.95***

0.81***

0.75**

Panel B (continued)

NCS

CS

UT

IT

Fin

Si. Ex. Si. Ex. Si. Ex. Si. Ex. Si. Ex.
intercept

0.00

0.00

0.00

0.00

0.00

0.00

0.01

0.01

0.00

0.00

Belgium
Germany
Finland

0.00

0.00

0.00

0.00

0.50

0.32

0.00

0.00

0.18

0.13

0.32

0.40

0.23

0.10

0.00

0.00

0.15

0.27

0.31

0.16

0.01

0.02

0.13

0.17

0.00

0.00

0.44

0.24

0.00

0.01

France

0.29

0.22

0.24

0.40

0.00

0.07

0.40

0.43

0.01

0.21

Greece

0.00

0.01

0.00

0.00

0.00

0.00

0.00

0.00

0.02

0.04

Ireland

0.04

0.04

0.00

0.00

0.05

0.17

0.00

0.00

0.00

0.02

Italy

0.08

0.07

0.14

0.10

0.06

0.10

0.00

0.07

0.14

0.11

Netherlands

0.15

0.10

0.00

0.00

0.00

0.05

0.00

0.00

0.22

0.17

Austria

0.00

0.00

0.00

0.00

0.08

0.13

0.00

0.00

0.04

0.14

Portugal

0.04

0.06

0.07

0.06

0.00

0.00

0.00

0.00

0.00

0.01

Spain
R2

0.07
0.86

0.08
0.83
0,98***

0.19

0.17

0.30

0.15

0.00

0.00

0.07

0.02

0.73

0.63

0.56

0.39

0.75

0.60

0.87

0.74

rankcorr.

090***

0.75**

0.77***

0.64**
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Table 4.4: Overview results style analysis
The table presents the results of the style analysis in the full sample and the three sub-samples.
It reports the weighted average R2s of the style analysis where the weights are determined by
the weights of the test assets in the Euro-wide index. 'Simple' indicates the results of the simple
style analysis (using full indices) and 'exclusive' refers to regressions after removal of overlapping
components of the test and benchmark assets. 'Ctr. styles, ind, bench' reports the average IP of
the style regression where industry benchmark assets replicate the style of country indices. 'Ind.
styles, ctr. bench' shows the results of the country benchmark assets replicating industry styles.
The third and sixth rows give the p-values of the null hypothesis that the difference in average
R2s taking countries and industries as test assets equals zero. We calculate these p-values by
simulating the distribution of the difference in average R23. We allow for time-varying volatility
by estimating different distributions for the three sub-samples.

Simple style analysis
Ctr. styles, ind. bench
Ind. styles, ctr. bench

Ho: RY ctr - R2 ind =

0

Exclusive style analysis
Ctr. styles, ind. bench
Ind. styles, ctr. bench

Ho: RY ctr - RY ind =

0

Full sample
Mar90-Aug03

Pre-conv.
Mar90-Nov94

Conv.

Euro

Jan95-Nov98

Jan99-Aug03

0.82

0.80

0.84

0.88

0.77

0.89

0.85

0.74

(0.008)

(0.076)

(0.861)

(0.000)

0.72

0.60

0.75

0.84

0.69

0.82

0.79

0.63

(0.158)

(0.000)

(0.334)

(0.000)
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Table 4.5: Average gains from international diversification

This table reports the average benefits from cross-country and cross-industry diversification.
In particular, it provides the average additional gains from investing in the optimal no-short
sales country (industry) portfolio rather than investing in one country (industry). The gains
are calculated in terms of risk-adjusted returns based on the A/2 measure. Panel A reports the
gains from diversifying across countries. The extra gains from investing in the optimal country
portfolio instead of investing in country i can be calculated as the difference in the return on
country i's index and the return on the optimal country portfolio, levered up to have the same
volatility as country i. This comes down to multiplying the difference between country i's Sharpe
ratio and the optimal country Sharpe ratio ("SR") by country i's volatility. We split country
i's volatility into a systematic component (due to the industry structure) and an idiosyncratic
component and we decompose the gains accordingly. The idiosyncratic volatility is the error
term of the style regression of country i's style in terms of the Euro-wide industry portfolios.
We perform similar calculations for the industries; the results are reported in panel B. The mean
excess returns are kept constant for all periods: they are estimated by the full sample averages.
The gains are reported for the full sample period and the three sub-samples. All numbers are
expressed on an annual basis.

Panel A: Average annual gains from cross-country diversification
Full sample
Pre-conv.
Conv.
Euro
Mar90-Aug03 Mar90-Nov94 Jan95-Nov98 Jan99-Aug03
0.224
0.224
0.229
0.230
Av. country SR
0.444
0.575
0.482
0.454
Optimal ctr. portf. SR
Gains p.a.:

Systematic
Idiosyncratic

Total gains

3.09%
2.05%
5.14%

4.25%
3.89%
8.14%

4.23%
1.55%
5.78%

3.50%
1.58%
5.08%

Panel B: Average annual gains from cross-industry diversification
Full sample
Pre-conv.
Conv.
Euro
Mar90-Aug03 Mar90-Nov94 Jan95-Nov98 Jan99-Aug()3
0.298
0.378
0.314
0.253
Av. industry SR
0.581
0.811
0.575
0.644
Optimal ind. portf. SR
Gains p.a.:
4.77%
6.29%
4.51%
Systematic
7.69%
1.19%
0.87%
0.70%
2.03%
Idiosyncratic
Total gains
5.96%
7.16%
5.21%
9.72%
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Table 4.6: Results pseudo regressions
This table reports the results of the pseudo regressions. We use the weights of each country
component in a Euro-wide industry portfolio and the weights of each industry in country portfolio as time-varying and observable regression coefEcients. These pseudo replicating portfolios
represent true trading strategies and do not suffer from estimation error. Panel A shows the
weighted average R2s that result from the pseudo regressions. In panel B the results of the
tests for joint significance of all country and industry intercepts are reported. Under the null
hypothesis of no out-performance of the test assets all country or industry intercepts are jointly
equal to zero. This is tested using a Wald test and the p-values are given in parentheses. 'Excl.'
indicates that benchmark indices excluding overlapping components with test assets are used.
Panel A: Weighted average IPs of pseudo regressions
Conv.
Full sample
Pre-conv.
Mar90-Nov94
Jan95-Nov98
Mar90-Aug03
Simple style analysis
0.75
0.81
0.81
Ctr. styles, ind. bench
Ind. styles, ctr. bench
0.87
0.81
0.73
Exclusive style analysis
0.67
0.69
0.53
Ctr. styles, ind. bench
Ind. styles, ctr. bench
0.78
0.71
0.60

Euro

Jan99-Aug03
0.85
0.52

0.79

0.32

Panel B: Tests for joint significance of intercepts of pseudo regressions
Pre-conv.
Conv.
Euro
Full sample
Mar90-Nov94
Jan95-Nov98
Jan99-Aug03
Mar90-Aug03
Industries as test assets. countries as benchmarks
Ho: all ind. intercepts zero
(0.000)
(0.347)
(0.003)
(0.007)
- excl
(0.000)
(0.573)
(0.045)
(0.065)
Countries as test assets. industries as benchmarks
Ho: all ctr. intercepts zero
(0.057)
(0.785)
(0.174)
(0.001)
- excl
(0.490)
(0.666)
(0.001)
(0.829)
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Figure 4.1: Rolling window summary statistics
This figure plots 60-month rolling window weighted average volatilities and correlations. Panel
A reports the weighted average country and industry volatility (per annum) where the weights
are the average weights of the country or industry in the Euro-wide market index during that
particular window. Panel B gives the weighted average cross-country and cross-industry correlations.

Panel A: Weighted average volatility of returns on all country and industry indices per annum
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Figure 4.2: 60-month rolling window mean-variance spanning tests with short sales constraints
This figure plots the p-value of the spanning tests performed over 60-month rolling windows.
The tests are based on indices excluding overlapping components. Short sales constraints are
imposed on both the test assets and the benchmark assets. A p-value below 0.05 rejects the null
hypothesis of mean-variance spanning.
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Figure 4.3: Maximum Sharpe ratios with short sales constraints
The upper figure plots the annual maximum Sharpe ratios of industry-based portfolios and of
country-based portfolios over 60-month rolling windows. Short sales constraints are imposed.
The lower figure plots the p-values corresponding to the null hypothesis of equal Sharpe ratios.
If the p-values fall below 0.05 the null hypothesis is rejected at a 5% significance level.
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Figure 4.4: 60-month rolling window style analysis
The figure shows the results of the 60-month rolling window style analysis. Panel A plots the
weighted average 1728 of the simple style regressions and Panel B plots the weighted average
122$ of the exclusive style regressions in which overlapping components with the test assets have
been removed from the benchmark indices. For both panels the weights are determined by the
average weights of the test assets in the Euro-wide index in the window used for the estimation

of the style regression.
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Figure 4.5: 60-month rolling window style regression standard errors
This figure shows the weighted average standard errors (on an annual basis) of the simple style
regressions for 60-month moving windows. The weights are determined by the average weight
of the fund in the Euro-wide index during the particular window.
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Figure 4.6: Average gains from international diversification
This figure plots the average annual gains from Euro-zone cross-country and cross-industry
diversification over 60-month rolling windows. We estimate the average additional gains from
investing in the optimal no-short sales country (industry) portfolio rather than in one country
(industry) in terms of risk-adjusted returns (based on the M2 measure). Panel A reports the
gains from diversifying across countries. The extra gains from investing in the optimal country
portfolio instead of investing in country i can be calculated as the difference in the return on
country i's index and the return on the optimal country portfolio, levered up to have the same
volatility as country i. We split country i's volatility into a systematic component (due to the
industry structure) and an idiosyncratic component and we decompose the gains accordingly.
The idiosyncratic volatility is the error term of the style regression of country i's style in terms
of the Euro-wide industry portfolios. We perform similar calculations for the industries, the
results are reported in panel B. The mean excess returns are kept constant for all windows: they
are estimated by the full sample averages. All numbers are expressed on an annual basis.
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Chapter 5

Nontradable Assets and the
Premium for Idiosyncratic Risk
The Case of Industry-specific Human Capital
5.1 Introduction
According to traditional asset pricing theory, investors choose their optimal portfolios

by maximizing the expected utility of their life time consumption. Next to investments
in tradable assets, part of their wealth may be tied up in nontradable assets. A major
nontradable asset that virtually all investors hold is human capital. When human capital
returns are correlated with stock returns, investors are endowed with certain exposures

to stocks. This may aiTect their portfolio choice, as next to the usual speculative demand
for stocks, investors may also have hedging demands that arise due to their human cap-

ital. Consequently, human capital can affect the demand for stocks and it can therefore
impact the risk premium for stocks. Indeed, several papers recognize the importance of
considering human capital returns when measuring systematic risk (e.g., Mayers, 1972,

Shiller, 1995, Jagannathan and Wang, 1996, Campbell, 1996, Palacios-Huerta, 2003).
This research re-examines the impact of human capital on asset pricing. First, I relate

this nontradable asset to the apparent premium for stocks' idiosyncratic risk that has
been documented in the literature. An increasing number of papers provide empirical
evidence of a cross-sectional relation between idiosyncratic risk and expected stock returns (e.g., King, Sentana and Wadhwani, 1994, Malkiel and Xu, 1997, 2004, Spiegel and
Wang, 2005, Fu, 2005, Ang, Hodrick, Xing and Zhang, 2006a,b). This creates a puzzle as
true idiosyncratic risk should not be priced. According to the well-known Capital Asset

Pricing Model (CAPM) of Sharpe (1964), Lintner(1965a) and Black (1972), in perfect
157
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and frictionless markets all investors hold the market portfolio, which should include all
risky assets in the economy (Roll, 1977). In the CAPM framework, the market portfo-

lio fully captures all systematic risk, and idiosyncratic risk with respect to this portfolio
should not affect expected returns. However, Mayers (1972) shows that when investors
hold nontradable assets, the CAPM no longer holds and the systematic risk should be

adjusted for exposures to nontradable asset returns. Nevertheless, the above mentioned
empirical papers estimate idiosyncratic risk as the residual variance of an asset pricing

model that does not include nontradable human capital, such as the market model or the
Fama and French (1993) three-factor model.
I relate the apparent premium for idiosyncratic risk to the omitted asset problem in

the benchmark portfolio used to measure systematic risk. I focus on an omitted asset
that is nontradable: human capital. Whereas several other explanations for this puzzle
have been investigated in the literature, the link with human capital has so far received

little attention.1 Using the CRSP dataset I sort stocks into

25

portfolios based on their

size and idiosyncratic risk

(IR henceforth), which is measured as the residual variance
of the market model. When averaged over all size quintiles, the CAPM alpha of the
high IR portfolio exceeds that of the low IR portfolio by 1% per month, which suggests
a substantial "premium" for idiosyncratic risk. Next, I find that human capital induces
a nonzero hedging demand for these size-IR portfolios. In addition, I find that within

with respect to human capital returns (measured as the
growth rate in US labor income) are higher for portfolios that contain stocks with higher
idiosyncratic volatilities. This shows that the apparent premium for idiosyncratic risk is
larger for stocks with higher exposures to human capital. When the market portfolio of
each size quintile, the betas

tradable assets is used as a benchmark to measure systematic risk, the systematic risk
due to human capital that is not captured ends up in the error term. Consequently, the

residual risk of the market model affects expected returns and idiosyncratic risk appears
to be systematically priced.

To explicitly test this, I first derive a simple asset pricing model in which I assume that
investors are endowed with positions in nontradable assets. While this setup is similar
to Mayers (1972), the goal of the theoretical exercise in this chapter is to investigate the
Fu (2005) relates idiosyncratic risk to size and Spiegel and Wang (2005) relate it to liquidity. Baker,
Coval and Stein (2004) use idiosyncratic volatility as a proxy for differences in opinion. Other papers
examine whether idiosyncratic volatility can predict market returns (e.g., Goyal and Santa Clara, 2003,
Bali, Cakici, Yan and Zhang, 2005, Guo and Savickas, 2004). Other related papers are Campbell, Lettau,
Malkiel and Xu (2001) and Brandt, Brav and Graham (2005), who examine the time series properties of
1

idiosyncratic risk.
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of ignoring nontradable assets in the measure of systematic
risk. The resulting nontradable assets model shows that using the market portfolio of
tradable assets as a benchmark for systematic risk can indeed induce a "premium" for
asset pricing consequences

the resulting idiosyncratic risk. The magnitude of this premium depends on the hedging
demand induced by nontradable assets.

I empirically test this model for the 25 size-IR portfolios and I specify the nontradable
asset as human capital. The pricing equation of the nontradable assets model contains

the usual market beta as well as the covariance between the idiosyncratic return with

respect to the CAPM and the return on human capital. I find that this second factor
is highly significant and the model is supported by the data. In sum, the first main
empirical finding of the chapter is that the apparent premium for idiosyncratic risk is, al
least partially, due to nontradable human capital.

Second, I investigate the asset pricing implications of industry-specific human capital.
The nature of human capital is investor-specific and may depend on, for instance, age,
education, occupation, or the industry in which the investor works. Heterogeneity in hu-

man capital may induce different hedging demands, due to different correlations between
equity returns and human capital returns. Also, it could be the case that employees with
certain occupations or in certain industries are less active on the stock market. This
would imply that their human capital has a smaller effect on stock returns. Theoretically,
equity returns are affected by their exposure to the aggregate returns on all nontradable
assets. This follows from the nontradable assets model as well as from the Mayers (1972)

model. In this case, there would be no need to allow for different exposures to different
types of nontradable assets (such as industry-specific human capital). However, empirically, it is very challenging to estimate the aggregate returns on all nontradable assets, as
this involves estimating the weights of the different nontradable assets that are needed to
compute the aggregate return. Several papers, such as Jagannathan and Wang (1996) and
Lettau and Ludvigson (2001), extend the CAPM with aggregate human capital returns
as an additional fagtor.2 They estimate aggregate returns on human capital as the growth

rate in aggregate US labor income. However, this may not be a very accurate estimate
of aggregate human capital returns and it may therefore be more difficult to capture the

full impact of human capital on equity returns. In contrast, I allow for industry-specific
human capital by including different factors for human capital from different industries
in the nontradable assets model. This leads to an implicit estimation of the weights of
2This model assumes that human capital is tradable.
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the different types of human capital in the aggregate human capital returns. This way I
aim to identify those industries for which the human capital matters most and to thereby

obtain a more precise estimate of the full impact of human capital on equity returns. I
estimate industry-specific human capital returns as the growth rate in labor income for
five different industries.3

I find that the return characteristics of human capital vary

across industries. The
for
stocks
are
different
for
human
portfolio
hedging
weights
capital from different industries. Also, all types of human capital induce a nonzero hedging demand. Next, I test a
beta specification of the nontradable assets model that includes the market beta as well
as five industry-specific human capital betas. I compare the performance of this model

to the static CAPM, the human capital CAPM with aggregate human capital, the conditional CAPM and the Fama and French (1993) three-factor (FF3) model for the set of
25 size-IR sorted portfolios.

The results show that the effect of human capital on the risk premium is indeed
industry-dependent. Except for the government, the coefficients of all types of industryspecific human capital are significant. Importantly, the nontradable assets model shows
an impressive outperformance over all four benchmark models. The OLS cross-sectional
adjusted IP for the nontradable assets model with industry human capital is 85%, while it

is only 19% for the static CAPM, 27% for the human capital CAPM with aggregate human
capital, 55% for the conditional CAPM and 37% for the FF3 model. The nontradable
assets model also has a substantially higher GLS 12. In addition, the average absolute
pricing error of the nontradable assets model is almost twice as low compared to those of

the benchmark models. In particular, the model does a reasonably good job in pricing

the small size - high IR portfolio, for which the apparent premium for idiosyncratic risk
is most prevalent. The benchmark models all fail dramatically in pricing this portfolio.
Last, the industry human capital betas are robust for inclusion of the yieldspread and
the size and value factors. In fact, they even eliminate the explanatory power of SMB

and HML for the

25 size-IR

portfolios. In sum, industry-specific human capital is an

important determinant of systematic risk and it should be taken into account in the asset
pricing model. This is the second main empirical finding of the chapter.
The results are robust for two alternative sets of test assets; the 25 size- book to
market portfolios and 30 industry portfolios, and for a different measure for human capital
3In the first part of the paper where I explore the relation between human capital and the apparent
premium for idiosyncratic risk, I also allow for aggregate and industry-specific human capital.
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returns that is based on contemporaneous rather than the lagged growth rate in labor
income. Also, restricting the zero beta rate to the risk free rate and removing the extreme
small size high IR portfolio from the analysis does not affect the main conclusions. The

remainder of this chapter is structured

as

follows. Section 5.2 presents the nontradable

assets model and Section 5.3 discusses the data. Section 5.4 discusses the empirical results

and Section 5.5 reports several robustness checks. Section 5.6 concludes. Appendix 5.A
contains further details of the derivation of the model.

5.2

Asset pricing in the presence of nontradable assets

This section derives an asset pricing model in which investors have endowments in nontradable assets. The setup is similar to Mayers (1972). However, the main purpose of

this model is to show explicitly that when the market portfolio is defined as the valueweighted portfolio of all tradable assets, idiosyncratic risk with respect to this tradable
market portfolio is systematically priced, depending on the hedging demand induced by

the nontradable assets. When the nontradable assets are appropriately taken into account

in the measure of systematic risk, true idiosyncratic risk does not affect the risk premium.

5.2.1

Portfolio optimization

Consider a standard one-period mean-variance framework with L investors i, i = 1,.., L.
There are N+K risky assets, where N assets are tradable and K are nontradable.4 Their
excess returns are given

in vectors Ttr and

Tnt (sizes N x 1 and K x 1

respectively). Unless

denoted otherwise, all vectors are given as column vectors. There is a risk free asset with
return Rr Denote the following:

E[Ttr} = /ltr, Var[rtrl = Et.
E[rnt] - Unt, Var[rnt] = Ent
Cot,[rtr, rnt1

-

Etr.nt ·

Note that Etrnt is the N x K matrix with covariances between returns on tradable (tr)
and nontradable (nt) assets and it does not contain any variances. Wo,i is the initial

wealth of investor i. His fixed positions in the nontradable assets (as fractions of Wo,,)
4 I allow for multiple nontradable assets, even though the model shows that, similar to the Mayers
(1972) model, expected excess returns are affected by their exposures to aggregate returns on all nontradable assets. The reason for including K nontradable assets is that in the empirical tests of the model,

I allow for different types of nontradable human capital (industry-specific human capital).
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are given by the K-vector qi. His trades in the tradable assets (as fractions of Wo,i) are
given by the N-vector xi. Let WI,i denote investor i's wealth at the end of the period.
Investor i solves the following portfolio optimization problem.5
It
max
E[Wi,i] - 7,Var[Wi,i]

S.t.

Wl,i

= Wo,i [1:;rtr + qi'rnt + (1 + Rf)},

where 7, denotes the coefficient of absolute risk aversion of agent i. This leads to his

optimal portfolio weights:
Xi = Ai Eirl lutr - EI;1 E tr. ntqi i

(5.1)

where A, E 7;-1 is agent i's risk tolerance. Equation (5.1) shows that investors' fixed positions in nontradable assets affect their demand for tradable assets. The demand consists

of two parts. The first part is the well-known Markowitz (1959) portfolio (speculative
demand) while the second part is the hedging demand induced by the nontraded assets.

5.2.2

The market portfolio of tradable assets

The objective of this theoretical exercise is to show how using the tradable market portfolio
as a benchmark for measuring systematic risk affects the pricing equation for tradable
assets when investors also hold nontradable assets. Therefore, I specifically define the

market portfolio as the value-weighted portfolio of all N tradable assets in the economy.
Aggregate dollar supply of the tradable assets is denoted as S

=

[Si······SN 'I The sum
of the total dollar supply is denoted by m = GS where LN is an N-vector of ones. The
weights of the market portfolio are a = *S. Its expected return equals pmkt = a,tttr and

its variance is 0 kt = a'Etra.
The sum of the dollar supply of all tradable assets should equal the dollar amount of
wealth invested in tradable assets. Note that the total initial wealth of all L agents in
L

the economy is E Wo., and consists of wealth invested in both tradable and nontradable
i=1

assets. Each agent i's wealth invested

in tradable assets is (1

-

q#.K)Wo,, and hence the

L

total wealth invested in tradable assets equals S'LN - E (1 - q:LK) Wo,i. Thus, the supply
i=1

of tradable assets can be expressed as
L

S = a Z(1 - *LK)1'Vo,i
i=1

6
This utility maximization corresponds to negative exponentail utility with normally distributed future
wealth. Without the existence of nontradable assets the optimization problem leads to the well-known
CAPAI.
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Total demand for tradable assets can be found by aggregating the dollar amount of demand

(Wo,iIi) over all investors
L

L

L

D = Wo,ir.i - E Wo,i• iEI;.11 4r - E Wo.iri;164*&

(5.2)

i=1

i=1

t=1

Market clearing leads to the following expression for the tradable assets market portfolio
weights
a = ASI;.11[ltr - EI;.1 Etr,ntq nt·

where

L

L

E WO''A,
1

E

L

(5.3)

,=1

E WO,iqi
i-1

and (Int E

E(1 - €LK)Wo,i

i=1

L

Z(1 - q:LK)WO.,
i=1

A is the value-weighted sum of individual risk tolerances divided by total value of all
tradable assets and

q

the nontradable
nt is the K-vector of aggregate wealth tied up in

assets over the total value of the tradable assets. Expression (5.3) shows that the weights
of the market portfolio of tradable assets are affected by the presence of the nontradable
assets, as Etristr,ntqnt equals the value-weighted average hedging demand of all investors.

5.2.3

The pricing equation of the nontradable assets model

I derive the pricing equation implied by the model, starting with eq. (5.3), that can be
written as

Ittr - 7Etra + 7Etr,ntqnt·

(5.4)

coefficient. Equa'Y E i, which can be interpreted as the market aggregate risk aversion
tion (5.4) must also hold for the market portfolio itself, hence

ilmkt = 7(T kt + 7(k'Str,ntqnt·

This allows me to write eq. (5.4) as follows:
1

1

qnt·
Omkt Etraa'Etr,nt
Btr - Umkt
2Etra + 7 Etr,nt - -2
Omkt

(5.5)

Note that Etra is the covariance between the returns on the tradable assets and the market
portfolio of tradable assets, which I denote by Etr m· Define Bmkt E 4-Etr.™ and rewrite
arnki

equation (5.5) as follows

Mtr = mktklmkt + 7 (IN - dmkta') Etr,ntqnt,

(5.6)
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where IN is an N x N identity matrix. Residual risk of the tradable assets with respect to
the tradable market portfolio is defined as their total variance minus the market variance
E

-

tr - /mkta kt53 nkt

= (IN - 13mkta')Str·
as idiosyncratic risk. However, only if the tradable market portfolio is an
appropriate benchmark for measuring systematic risk, then t is the true idiosyncratic

I refer to Es

risk. By substituting (IN - Bmkta') by SEE;2 in equation (5.6) the final pricing equation
can be derived:
Lltr

-

B mktlt„,kt + .tzE H

(5.7)

where H - EQi Etr,ntqnt
H is the value-weighted average hedge demand of all investors (see eq. (5.3)). This pricing
equation provides a theoretical explanation for the apparent premium for idiosyncratic

risk. I refer to this model as the nontradable assets model.
The model shows that when investors hold nontradable assets and when the tradable
market portfolio is used as a benchmark for systematic risk, the tradable asset risk that
is idiosyncratic to this market portfolio (E ) is systematically related to expected returns.
This premium arises because the market portfolio of tradable assets is an inappropriate
benchmark for systematic risk due to the existence of nontradable assets. Part of the
residual risk with respect to the tradable market portfolio is in fact systematic risk that
is not captured by the inappropriate benchmark. Consequently, the risk premium is also

affected by a second factor that includes residual risk Ev

The impact of Ze on the equity premium depends on the average hedging demand
induced by the nontradable assets and the market risk aversion. Clearly, if the returns on
tradable and nontradable assets are uncorrelated, tradable assets cannot be used to hedge
risks from nontradable assets. Hence, in this case, the existence of nontradable assets
would not affect the systematic risk of tradable assets and the tradable market portfolio
is a correct measure of systematic risk. Thus, the apparent premium for idiosyncratic risk
disappears. If the wealth due to nontradable assets is negligible, there is not much need to
hedge the corresponding risks and again, the tradable market portfolio would be a good

benchmark for measuring systematic risk. An alternative explanation for the premium for
idiosyncratic risk is underdiversification (see e.g. Malkiel and Xu, 2004), i.e. investors are
restricted from investing in all tradable assets and are therefore forced to underdiversify
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with respect to the tradable market portfolio. Notice that the existence of nontradable
assets yields an intrinsically different explanation.6
Several papers examine the inRuence of nontradable assets on asset pricing. The

nontradable assets model is closely related to the Mayers (1972) model, in which the
beta with respect to the tradable market portfolio should be adjusted to include the
exposure to the aggregate nontradable asset returns. Note that even though I allow for

multiple nontradable assets, the expected excess returns on tradable assets are affected
only by their exposures to the aggregate nontradable assets returns (i.e., Str,ntqnt, where
qnt can be seen as the vector of weights of the different nontradable assets in the aggregate

nontradable asset returns). This is in accordance with the Mayers (1972) model. In an
international setting, Errunza and Losq (1985) and De Jong and de Roon (2005) derive
partial segmentation models in which domestic investors are restricted from investing in
foreign assets. However, in contrast to the nontradable assets model, these models do not
explicitly consider the impact of idiosyncratic risk on expected returns.

The market portfolio that is used in the nontradable assets model includes tradable
assets only. Roll (1977) argues that the market portfolio (that is part of the CAPM)
should include all risky assets in the economy. However, this is based on the assumption

that all assets are tradable. The nontradable assets model shows that in the presence of
nontradable assets the CAPM breaks down. It is straightforward to show that when all
tradable and nontradable assets are included in the total market portfolio, expected excess
returns are affected only by the covariance with the returns on this total market portfolio.
Any risk that is idiosyncratic to this total market portfolio (true idiosyncratic risk) is not
priced. However, this model cannot be written as a beta relationship with respect to the
total market portfolio returns, because the market portfolio includes nontra(table assets.
The derivation can be found in Appendix 5.A.
The nontradable assets model focuses on one particular type of market frictions, the
existence of nontradable assets, that may induce a "premium" for idiosyncratic risk. A
6 In the presence of nontradable assets, investors may have different holdings of nontradable assets,
thereby inducing different hedging demands. Consequently, they hold different portfolios alld they deviate
from the tradable market portfolio. In other words, two-fund separation breaks down. However, this type
of underdiversification is not what initially causes the premium for idiosyncratic risk in the nontradable
assets model. Suppose all investors have the same holdings of nontradable assets. This results in the same
hedging demand for all investors, who now hold the total market portfolio (that includes all tradable and
nontradable assets). Now there is no underdiversification. Nevertheless, idiosyncratic risk with respect
to the tradable market portfolio is priced, since the average hedging demand H is nonzero. In the
nontradable asset model, the premium for idiosyncratic risk is caused by the inappropriate use of the
tradable market portfolio as a benchmark to measure systematic risk, rather than by underdiversification.
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number of related papers show that other types of market frictions may induce a premium

for idiosyncratic risk as well, such

as information costs (Merton, 1987), restrictions on the
number of assets that investors can trade (Levy, 1978 and Malkiel and Xu, 2004), trading
costs (Hirshleifer, 1988) and active management fees (Petajisto, 2004). Eiling (2007)

derives a general model for market frictions that allows for the simultaneous presence

of multiple types of market frictions, such as transaction costs, underdiversification and
nontradable assets. It highlights the link between the severity of the market frictions and
the premium for idiosyncratic risk. This model nests the nontradable assets model.

5.2.4

Empirical implications

The main implication of the nontradable assets model is that the apparent premium
for idiosyncratic risk is related to hedging demand induced by investors' positions in
nontradable assets. In order to empirically investigate this, it is convenient to rewrite the
pricing equation as follows. Start by expressing equation (5.6) as
kitr - mkt,Umkt + 7 (Str,nt - mktsmkt,nt qnt,

where Emkt,nt = a'Etr.nt is the K x l vector with covariances between the return on the
tradable market portfolio and the returns on the K nontradable assets. This implies that

for each tradable asset i the expected excess returns equal
K

E[rtr,i

=

mkt,iE[rmkt] +' E (Col'[Ttr,i, Tnt,k - /mkt.iCOV[rmkt, Tnt,k}) qnt,k (5.8a)
k=1

K

=

Bmkt, i E[r„,kil + 'j E Cov [4, rn:,k]qnt,k·
k=1

(5.8b)

This expression of the nontradable assets model is similar to De Roon (2002). Equation
(5.8b) explicitly shows how the idiosyncratic return according to the CAPM (or mar-

ket model) can enter the pricing equation, depending on its covariance with the returns
on the nontradable assets. The apparent premium for idiosyncratic risk increases when
the CAPM residual return for asset i is more highly correlated with the return on the
nontradable assets.

I empirically test the nontradable assets model using two different specifications of
the pricing equation. The first specification is based on expression (5.8b) that explicitly
includes the covariance between the CAPM residual and the nontradable assets returns.

For simplicity I assume that the ratio of the value of nontradable assets over the value
of tradable assets qnt is constant over time, since this avoids the need to estimate this
parameter. In the empirical section of this chapter, I will focus on nontradable human
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capital and it is indeed challenging to estimate the value of human capital. The model can
be estimated using the Fama-MacBeth ( 1973) methodology. The cross-sectional regression

model is as follows:
K

E[rtr,i - 00 + *mkt mkt,i + *kCOD(ei, Tnt,k)·

(5.9)

k=1

Bmkt,i and e, can be estimated using the market model:
Ttr,v,t = ai + mkt,irmkt,t + €i,t,

where /3 mkt,i is the slope coefficient of the regression for asset i and e, is the residual.

The cross-sectional regression coefficient ¢mkt is an estimate of the market price of risk
Minkt The regression coefficient Wk estimates 4nt,k, the risk aversion times the fraction of
·

wealth due to nontradable asset k.

In order to compare this model to alternative existing asset pricing models, it is convenient to use a beta representation of the pricing equation. In other words, I rewrite
equation (5.8a) such that it includes Bmkt.i as well as Bnt,k,i that measures the exposure
of asset i with respect to the returns on nontradable asset k:
K

)

K

E[rtr,J - Bmkt,i <E[rmktl - 1 X Cov[rmkt, Tnt,klqnt,k | + ' Ek=1
Var[Tnt,klqnt,k Bnt,k,i,
k=1

where 8

- Cov[rk,„r.,Lk}. qnt is again assumed to be constant over time, The expression

nt,%,2 - Vartrnt,k J

above can be estimated using the following cross-sectional regression model:
K

E[rtr,il = Co + Cmkt mkt,i

Ck/3nt,k,i

(5.10)

k-1

Again, Bmkt.. can be estimated as the slope of an OLS regression of 7'tr,i,1 on a constant
and on Tmkt,t· Similarly, B nt,k,i can be estimated as the slope of an OLS regression of Ttr,i,t

on a constant and Tnt,k,t, the excess returns on nontradable asset k.
The beta representation of the nontradable asset model has a number of important
features. First, the cross-sectional regression coefficient cmkt is an estimate of the expression

K

mkt - '1 Ek=1
Cov[rmkt, Tnt,k qnt,k

·

(5.11)

In other words, in contrast to the first specification (5.9) the coefficient of the market
beta, cmkt is not an estimate of the market price of risk alone. The reason is that the
cross-sectional regression is performed using univariate betas. Consequently, the estimate
of cmkt also takes into account the exposure of the tradable market portfolio to the non-

tradable assets. This can be seen from expression (5.11), which includes the market price
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of risk as well as the covariances between the tradable market portfolio returns and the
nontradable asset returns. Hence, the coefficient c™kt could in principle be negative in
the nontradable assets model. The cross-sectional regression coeflicients ck are estimates
of 't'Var[rit,klqnt,k·

The second important feature is that in the empirical tests, I include a separate beta
for each nontradable asset. As mentioned earlier, in the nontradable assets model, equity
returns are affected by the exposure to the aggregate returns on all nontradable assets.
However. these aggregate returns are difficult to estimate and I therefore allow for different

betas for different nontradable assets. This allows me to implicitly estimate the weights of
the nontradable assets qnt,k in the aggregate nontradable asset returns. Consequently, the

number of factors in the model equals the number of nontradable assets plus one. Last,
the beta representation of the nontradable assets model is a multi-beta model where all
betas are based on univariate regressions.

Note that the two specifications of the nontradable assets model are linear transformations of each other and they are therefore equivalent. In empirical tests, the 1Ps of
the cross-sectional regressions for equations (5.9) and (5.10) will be exactly the same.

The difference lies only in the magnitude of the cross-sectional regression coeflicients. In
the empirical analysis both specifications are tested. The first specification allows me

to explicitly link the covariance between the CAPM residual and the nontradable assets returns to the cross-section of expected returns, while the second specification allows
for a straightforward comparison to other (multi-)beta asset pricing models. Section 5.4
explains the empirical implementation of the tests.

5.3

5.3.1

Data
Nontradable (industry-specific) human capital

Three major nontradable assets that investors may hold are human capital, housing and

private businesses. In this research I focus on human capital, because of several reasons.
First, whereas not all investors own a house or a private business, human capital is a nontradable asset that virtually all investors hold. Second, it forms a nonnegligible fraction
of total wealth, as is argued in several papers. For instance, Julliard estimates that in
the major developed economies, about two third of total wealth is due to human capital.
According to Table 2.1 of the US National Income and Product Accounts, between 1929
and 2005 the average fraction of total personal income due to dividends is 3.7%, while

the fraction due to wages and salaries is 61.8%. Third, Palia, Qi and Wu (2007) empir-
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ically show that whereas all three nontradable assets impact households' stock market
participation and stock holdings, human capital dominates. These results suggest that
households do take their human capital into account in their portfolio choice decisions.

Furthermore, several papers show that the risk of human capital is related to the risk
on tradable assets (stocks). Amongst others, Mayers (1972), Shiller (1995), Campbell
(1996) and Jagannathan and Wang (1996) argue that human capital should be taken into
account when measuring market returns.7 Lustig and Van Nieuwerburgh (2006) show

that innovations in human capital returns are negatively correlated with innovations in
stock returns. Davis and Willen (2000) report that while human capital returns are only
weakly correlated with aggregate equity returns, they are more highly correlated with
equity portfolios formed on size or industry. Additionally, a number of papers show that
future equity returns can be predicted using variables that are related to human capital
and labor income, such as Lettau and Ludvigson (2001), Julliard (2004) and Santos and

Veronesi (2006).8
The existing evidence on the relation between human capital and equity returns sue
gests that human capital induces a nonzero hedging demand for stocks and may thereby

affect their expected returns. As the nontradable asset model shows, this hedging demand

may induce a "premium" for idiosyncratic risk if human capital is excluded from the market portfolio that is used as a benchmark to measure systematic risk. In the empirical

analysis I will first examine the hedging demand for stocks that is induced by human capital and after that I will test the nontradable assets model that includes hedging demand
due to human capital.

The aforementioned papers typically consider only aggregate human capital. In reality
however, human capital is investor-specific. It depends on, for instance, the investor's
education, occupation, work experience, age and the sector in which he or she is employed.
Heterogeneity in human capital may induce different hedging demands, for instance due
to different correlations between equity returns and human capital returns. Also, it could
be the case that employees with certain occupations or in certain industries are less active
on the stock market. This would imply that their human capital has a smaller effect
7Fama and Schwert (1977) empirically test the model of Mayers (1972), which includes nontrai:table
human capital. They do not find a significant impact on risk premia, which they attribute to the low
covariance between equity and human capital returns. This contrasts with papers such as Jagannathan
and Wang (1996), and Palacios-Huerta (2003) who show that human capital does matter. Stambaugh
(1982) shows that the CAPM is not very sensitive to the proxy used for the market portfolio. However,
he does not investigate the inclusion of human capital returns.
8
Papers investigating the relation between labor income risk and market returns are amongst others,
Constantinides and Duffie (1996), Heaton and Lucas (1996) and Storesletten, Telmer and Yaron (2001).
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on stock returns. Or, the risk that the investor's human capital becomes obsolete due
to technological developments may depend on the industry in which he works. This
suggests that heterogeneity in human capital may have important portfolio implications

for individual investors. Davis and Willen (2000) show that occupation-specific human
capital indeed influences the investor's optimal portfolio choice. However, theoretically,
heterogeneity in human capital does not have important asset pricing implications, as
their exposures to aggregate nontradable asset returns

excess stock returns are affected by

(i.e., aggregate human capital returns). However, these aggregate returns on human
capital are very difficult to estimate, as the weights of the different types of human capital
in the aggregate returns are unknown. The existing literature (e.g. Jagannathan and

Wang, 1996) estimates aggregate human capital returns as the growth rate in aggregate

labor income. As I discuss below, this might not be a very accurate estimate and papers
that use this measure may fail to capture the full impact of human capital on equity
returns. Therefore, in contrast to the existing literature, I allow for heterogeneity in
human capital. Implicitly, I estimate the weights of the different types of human capital
in the aggregate returns.

I focus on industry-specific human capital. The motivation for this particular type
of heterogeneity is as follows. One of the main goals of this research is to examine the
implications of different types of human capital for risk premia of stocks. Whereas, for
instance, age-specific human capital is likely to have implications for the choice between
the risky and the riskless assets, the effect it may have on the choice between different risky

stocks is less clear. Alternatively, one could consider occupation-specific human capital.
However, in the nontradable assets model one additional factor is included for each type

of human capital. Occupation-specific human capital would lead to a very large number
of factors. By considering industry-specific human capital for five broad industries, I am
able to allow for heterogeneity, and at the same time to include the full universe of human

capital assets in the asset pricing model. The nontradable assets model that I derived in
the previous section allows for K nontradable assets. Hence, I specify these as human

capital in K different industries. In addition, I also consider the case of a single aggregate
human capital asset, in this case K = 1.
Returns on human capital are diflicult to estimate, since only the cash flow component
is observed (labor income), but not the discount rate component that is used to calculate
the present value of all future labor income, i.e. the value of human capital. The literature

provides several approaches for estimating returns on aggregate human capital. However,
these are based on quite restrictive assumptions on the discount rate of human capital.
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Jagannathan and Wang (1996) consider the lagged growth rate in aggregate US labor
income. This is based on the assumption that the discount rate is constant over time.

Alternative measures are proposed by Shiller (1995), who assumes a constant discount
rate as well, and by Campbell (1996), who assumes a perfect correlation with the discount
rate on stock returns. Lustig and Van Nieuwerburgh (2006) compare different measures
for the returns on human capital by investigating the extent to which these models can
match consumption data. They find that, according to this metric, the Jagannathan and
Wang (1996) measure outperforms the other two measures.9

Therefore, in order to estimate returns on human capital, I use approa h of Jagannathan and Wang (1996). The setup is as follows. Assume that the expected rate of
return on human capital is constant and labor income Lt follows a first-order autoregressive process

Lt - (1 + g)Le-1 + Et,

(5.12)

where g is the average growth rate in labor income and Et has mean zero and is independently distributed over time. Human capital wealth is regarded as the capitalized value

of all future labor income:
Wtbc =

_IL-'

T-g

(5.13)

where r is the discount rate, which is assumed to be constant. Under these assumptions
the return on wealth due to human capital can simply be calculated as the growth rate

in labor income. Labor income data are typically published with a one-month delay.

I therefore adopt the dating convention of Jagannathan and Wang (1996) and use the
lagged growth rate in labor income. Furthermore, in order to diminish the influence of
measurement errors, a two-month moving average of Lt-1 is used. Hence, the returns on

human capital of month t are estimated as follows:

Dhc _ Lt-1 + Lt-2

*4

L:-2 + 4-3-1

(5.14)

In this setup, if human capital from different industries has the same discount rate and the
same growth rate, differences in human capital wealth in across industries only arise due
to differences in labor income. Total human capital wealth is equal to total labor income

for all industries divided by (r - g). Hence, the return on aggregate human capital can
simply be calculated as the growth rate in aggregate labor income. This is the approach
9However, all three measures fail to suBiciently match consumption data. Lustig and Van Nieuwerburgh (2006) impute returns to human capital by minimizing the distance between the model implied
consumption and the observed consumption. To do so, they assume human capital is tradable, while I
assume it is nontradable.

172

5.

Nontradable Assets and the Premium for Idiosyncratic Risk

of, amongst others, Jagannathan and Wang (1996). However, if the discount rates and
growth rates are different for different industries, total human capital wealth is affected

by these differences in discount and growth rates, which are unknown. Consequently,
the return on aggregate human capital can no longer be calculated as the growth rate
in aggregate labor income. Therefore, I allow for industry-specific human capital and I
calculate the returns on human capital for each industry separately, by taking the growth
rate in labor income from that industry. In addition, to compare my results to the existing
literature, I also use the growth rate in aggregate labor income as a direct estimate of

returns on aggregate human capital.

I retrieve labor income data from the National Income and Product Accounts (NIPA)
tables published by the Bureau of Economic Analysis. To estimate the returns on aggregate human capital for the US as a whole, I use NIPA table 2.6. Similar to Jagannathan

and Wang (1996) I define labor income as per capita total personal income minus total
dividends. NIPA table 2.7 provides wages and salary disbursements data for five indus-

tries. This is a subset of total personal income. Hence, for industry-level human capital
I define labor income as per capita total wages and salary disbursements. I calculate
monthly returns on human capital in excess of the one month T-bill rate (provided by

CRSP) for the full sample period, that runs from April 1959 to December 2005 (561
observations).

I consider the following five industries: goods producing (excluding manufacturing),
manufacturing, distributive industries, service industries and government.w These industries are relatively broad, making it more challenging to interpret the results by looking at
each industry's specificities. On the other hand, the model is extended by one additional

factor for each type of human capital. To be able to estimate the coefficients with reasonable accuracy and to compare the model to alternative asset pricing models, one should

be careful with including a large number of factors. By focusing on these five industries

that aggregate to the US as a whole, all elements of total US labor income are included,
while having a reasonably tractable model.

10The goods producing industry includes agriculture, forestry, fishing, hunting, mining and construetion. Whereas until 2000 the industries are classified according to SIC codes, as of January 2001 they are
classified according to NAICS codes. NIPA table 2.7A provides data until 2000, and table 2.7B provides
data starting January 2001. The following three industries have the same classification before and after
2001: goods producing excluding manufacturing, manufacturing and government. I match distributive
industries (until 2000) with trade, transportation and utilities (after 2000) and service industries (before
2000) with other service-producing industries (after 2000).
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Summary statistics of human capital returns

Table 5.1 Panel A presents a number of descriptive statistics for the returns on human

capital. The average of the time series of Rh. should be interpreted as the average growth
rate in labor income, rather than as the average return on human capital. This is because

the assumptions that Lt follows a first-order autoregressive process with
growth rate g and with a constant rate of return r, see equation (5.12). Since I do not
Rhe is based on

estimate r and g, I do not directly estimate the average return on human capital. The
average growth rate in aggregate labor income for the US as a whole is 0.49% and its
standard deviation is 0.38%. Labor income from the service industry has the highest
average growth rate (0.64%) while labor income from the manufacturing industry has the

lowest growth rate (0.31%). This is not surprising, as the service industry appears to be

more human capital intensive than the manufacturing industry. The returns to human
capital for the government are least volatile, which was to be expected given the relatively

stable nature of the labor environment in this industry.

In order to

assess

whether the observed differences between human capital from differ-

ent industries are statistically significant, I perform three Wald tests. First, I test whether
the mean growth rates in labor income are jointly equal to zero. Panel A of Table 5.1

shows that this hypothesis can be rejected at the 1% significance level. Second, I test
whether the mean growth rates in labor income are equal across industries. Even though
the differences in mean growth rates may seem relatively small, this hypothesis is rejected
at the 1% level. Note that the growth rates in labor income have very low volatilities,

which positively affects the accuracy of the estimates of their averages. Finally, I test
whether the variances of the returns on human capital are equal. I estimate the asymp-

totic covariance matrix of the estimated variances that is derived in Appendix 3.A. I find
that this hypothesis can be rejected at the

1% level. In sum, the means and variances of

the returns on human capital differ across industries. Panel B reports the unconditional
correlation matrix of the excess human capital returns, based on the full sample period.
The human capital returns from different industries typically exhibit significant positive
correlations, ranging from 0.03 to 0.72.

In sum, the summary statistics shows that human capital returns from different industries indeed have different characteristics, which may have important portfolio implications. In the remainder of the empirical analysis I consider both aggregate and
industry-specific human capital.

174

5.

Nontradable Assets and the Premium for Idiosyncratic Risk

5.3.3 Size - idiosyncratic risk sorted equity portfolios
It is cornmon to test

asset pricing models such as the nontradable asset model using

portfolio returns. This is because estimating stock-level betas is generally considered to be
subject to a lot of estimation error because of idiosyncratic risk (e.g., Fama and MacBeth,
1973).

An often used set of portfolio returns are returns on 25 size - book to market

portfolios. However, I am interested in how differences in expected returns of stocks are
related to their idiosyncratic risk, a relationship that is described by the nontradable assets
model. A certain size- book to market portfolio may consist of both stocks with high and

low idiosyncratic volatilities, and using these portfolio returns it may be difficult to capture
the relation between stocks' idiosyncratic volatilities and their expected returns. Papers

that consider the apparent premium for idiosyncratic risk typically perform their analysis
on an individual stock level (e.g., Fu, 2005, Spiegel and Wang, 2005, Ang, Hodrick, Xing

and Zhang, 2006a and 2006b, Bali and Cakici, 2006). An exception is Malkiel and Xu
(2004), who use size - market beta sorted portfolios. However, since the portfolios are

not sorted based on the variable of interest, idiosyncratic volatility, this may affect their
ability to fully detect any premium for idiosyncratic risk.

I construct returns on 25 size - idiosyncratic volatility sorted portfolios and use these
portfolio returns to test the nontradable assets model. In accordance with the model,
idiosyncratic volatility is specified as the residual volatility of the market model. These

portfolio returns allow me to achieve better estimation accuracy for portfolio betas while
preserving the relationship between stock's idiosyncratic volatilities and their expected

returns. A concern for investigating idiosyncratic volatilities for portfolio returns might be
that in portfolios, stocks' idiosyncratic risks are diversified away. However, the premium

for idiosyncratic risk that is predicted by the nontradable assets model does not concern
true idiosyncratic risk (that can indeed be diversified away), but the CAPM residual risk
that may in fact be systematic risk which is simply not captured by the CAPM. Hence,

for portfolio returns this systematic risk should also be present.

In order to construct monthly returns on 25 size idiosyncratic risk (size·IR) sorted
portfolios, I use all common shares traded on the NYSE, AMEX and NASDAQ from the
-

return files of the Center for Research in Security Prices (CRSP) for all months between
April 1959 and December 2005. As is common in the literature, I exclude financial firms
(with SIC code 6), since their high leverage is likely to have a different meaning than for
nonfinancial firms. Returns have been adjusted for stock splits.

For a given month, I first sort the stocks into size quintiles, based on their market
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capitalization at the beginning of the month. I use five size groups in order to ensure that
there is a sufficient number of stocks in each portfolio. Then, within each size group I sort
stocks into idiosyncratic volatility quintiles, based on their idiosyncratic volatility for the

current monthil, using an Exponential GARCH model (Bollerslev, 1986, Nelson, 1991).
Spiegel and Wang (2005) and Fu (2005) show that the EGARCH estimates outperform

the simple moving window OLS estimates in forecasting realized idiosyncratic volatility

for the current month. Similar to Fu (2005) I estimate an EGARCH model for every
stock, using all available monthly returns, with a minimum of 60 return observations. I

of alt as the idiosyncratic risk measure for stock i in month
t. I perform the double sorts each month and calculate the 25 value-weighted portfolio
returns. I calculate excess returns by subtracting the one-month T-Bill rate.
use the in-sample estimate

Since the EGARCH model is estimated over the full sample period, the 25 size-IR

portfolios do not form a true trading strategy. This could be solved by estimating the
EGARCH model for each stock for each month, using all returns prior to that month (as
in Spiegel and Wang, 2005). However, this would require the estimation of a much larger

number of EGARCH models. Also, the main purpose of the 25 size-IR portfolios is to
test the nontradable asset model, not to design a trading strategy based on idiosyncratic

volatility. In order to examine the robustness of the results, I test the model for other
sets of portfolio returns that are returns on true trading strategies.

5.3.4

Summary statistics of returns on 25 size-IR sorted portfolios

Sorting stocks into 25 size-IR portfolios leads to substantial variability in the portfolio
characteristics, as can be seen in Table 5.2. Panel A shows that the time series average
excess returns range from -0.12 (Sl-IRl, the small size - low IR portfolio) to an impressive
4.66 percent per month of the Sl-IR.5 portfolio. The standard deviation of the portfolio

returns ranges from 3.65% per month (S5-IRl) to 13.54% per month (Sl-IR,5). The panel
also reports the time series average of the size of all stocks in each portfolio, calculated as
the log dollar size in thousands. This ranges from 8.47 (Sl-IR5) to 14.37 (S5-IR,1). Note
that all portfolios contain the same number of stocks.
One portfolio clearly stands out: the small size - high IR portfolio. It has a remarkably

high average return, it is the most volatile portfolio and it has the smallest size. Whereas
the size does not differ much from the average sizes of the other four portfolios in the
11 Indeed, the nontradable asset model predicts an instantaneous

and expected returns.

relation between idiosyncratic risk
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same size quintile, the standard deviation is much higher than those of the portfolios in

the same IR quintile. Related papers show similar patterns. Fu (2005) also sorts stocks

into 25 size-IR portfolios (where monthly IR is estimated using and EGARCH model).
By sorting on IR first and then sorting on size, he reports and average equal weighted
monthly return of 7.04% of the Sl-IR5 portfolio. Spiegel and Wang (2005) first sort stocks
into size quintiles, and within each quintile they sort stocks into ten portfolios based on
idiosyncratic risk (using an EGARCH model for 6-month rolling windows to estimate
IR). For the SI-IR10 portfolio they report a monthly alpha with respect to the Fama and
French (1993) model of 2.29%. In the robustness checks I redo the analysis excluding this
extreme small size - high IR portfolio.

Table 5.2 Panel A shows that within each size quintile, high IR portfolios have higher

IR portfolios. This suggests that there may be an apparent
premium for idiosyncratic risk. However, the return differences could also be caused by
differences in market exposures. It can indeed be seen that portfolios with higher IR
average returns than low

stocks have higher market betas. The betas range from 0.67 to 1.72 (for Sl-IRl and
S3-IR5 portfolios respectively).

In order to further investigate whether the market model residual volatility, which
is often considered as idiosyncratic volatility, affects expected returns, I investigate the

CAPM alphas (i.e., the intercepts of the market model) for the 25 size-IR portfolios. Panel
B reports significant alphas for a large number of portfolios (confirming the failure of the

CAPM). For size-1 to size-3 portfolios, the alpha increases for portfolios that include
higher IR stocks. The last column shows that the difference in alphas of the high and low
IR portfolios is positive and statistically significant for the first two size quintiles. For
size-4 portfolios the pattern is less clear and for size-5 portfolios the alphas are decreasing
when moving to higher IR quintiles, although the estimates are insignificant.

Next, I calculate the monthly excess returns on five idiosyncratic risk portfolios, by
averaging within each IR quintile over all size quintiles. This ensures that each IR portfolio
contains stocks with all sizes. Hence, when investigating these five IR-sorted portfolio
returns, I control for size. The estimated alphas for these five portfolios are given on the

bottom row of Panel B, denoted by "av.S" I find that whereas the alpha of the low IR
portfolio is -0.08% and insignificant, the alpha estimate of the high IR portfolio is 0.92%
and is statistically significant at the 1 percent level. The difference between these alphas
equals 1% per month and is significant at the 1% level, which suggests that sorting stocks

on idiosyncratic risk (and controlling for size) leads to substantial gains. This is often
referred to as the "premium" for idiosyncratic risk. Note that the returns on the IR-sorted
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portfolios are not returns on trading strategies, since the idiosyncratic risk is estimated
using a full sample EGARCH model. However, the goal of this exercise is merely to
confirm the apparent premium for idiosyncratic risk that has been well documented in
the literature.12

5.3.5

Hedging demand due to human capital

This section investigates the hedging demand for stocks that arises due to investors'
nontradable human capital. This is a first step in the analysis of how (industry-specific)
human capital affects equity returns. In particular, I estimate the weights of the 25 sizeIR portfolios in the hedging portfolios for stocks that are induced by human capital. The

weights of the hedging portfolio of investor i are given by -EI;·1Etr,ntqi, as can be seen
in expression (5.1). Part of this expression, E ;2 Etr It, can be estimated by regressing the
excess returns on human capital (aggregate or industry-specific) on a constant and the

excess returns on the 25 size-IR portfolios. The regression coefficients of this multivariate

regression can be used to calculate the weights of the hedging portfolio. The coefficients

are multiplied with -1, and consequently, the weights are estimated zip to qi, the fraction
of investor i 's wealth that is due to his nontradable human capital.
Table 5.2 panel C reports the results. The hedging portfolio weights have a straightforward interpretation. Consider a young investor. He typically has little financial wealth

and the main part of his wealth is due to his human capital. Hence, for this type of
investor qi will be close to one. If the investor works in the distributive industry, the
optimal portfolio should be adjusted as follows. For instance, the stocks from the S3-IRl
portfolio should be underweighted by 5.25%. Stocks from the S5-IRl portfolio should
be overweighted by 2.75%. In fact, the matrix with hedging portfolio weights can be
seen as the adjustments that the pension fund managing the investor's retirement savings

should incorporate in the portfolio choice. Older investors typically have a lower qi as a

larger fraction of their wealth is usually invested in stocks. An investor that has 50% of
his wealth invested in stocks and 50% is due to his human capital has a smaller hedg-

ing demand. Assume that the investor works in the same distributive industry. Taking
his human capital into account leads to, amongst others, an underweighting of 2.63% of
12 Fu (2005) finds that the impa£t of idiosyncratic volatility on the cross-section of expected returns is
robust for including a size factor. Spiegel and Wang (2005) find that it is robust for a liquidity factor. Ang
et al (2006a and b) estimate idiosyncratic risk using an OLS estimator rather than an EGARCH model.
They document a negative relation between a stock's residual volatility calculated over the past month
and its average return. This result is robust for various issues, such as size, book-to-market, liquidity and
momentum.
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S3-IRl stocks and an overweighting of 1.38% of S5-IRl stocks. Hence, ceteris paribus,
the portfolio adjustments due to investors' human capital become smaller as investors
are older (and their human capital is a smaller fraction of their wealth). Young investors
generally have a high hedging demand and little financial wealth, and they will want to

borrow against the risk free rate in order to invest in stocks for speculative and hedging
reasons.

The table shows that next to their economic significance, a number of the individual
hedging portfolio weights also exhibit statistical significance, i.e., they are significantly
different from zero. Some are positive and others are negative. The number of significant
weights ranges from two (for human capital from the service industry and from the gov-

crnment) to six (distributive industry). These significant hedge portfolio weights can be
found in all size quintiles and in the first four idiosyncratic risk quintiles.13 For aggregate human capital as well as for human capital from the manufacturing and distributive

industries, the null hypothesis that all 25 hedging portfolio weights are jointly equal to
zero is rejected at the 1% or 5% level. Furthermore, the table reports p-values of the
null hypotheses that the weights of all portfolios from a certain idiosyncratic risk quintile
in the hedging portfolio are jointly equal to zero. This hypothesis can be rejected for
hedging portfolio weights for all types of human capital, for at least one IR quintile. In
sum, these results are important as they show that nontradable human capital induces
a nonzero hedging demand for stocks. This holds for both aggregate human capital and

human capital from five different industries.

In addition, the hedging portfolio weights are different for human capital from different
industries. The aggregate hedging demand due to human capital from a certain industry
also depends on qnt, the aggregate

fraction of wealth that is due to human capital from

that industry q.t can be used to calculate the weight of human capital from a certain
industry in the aggregate human capital returns. However, as I argue in Section 5.3.1,
qnt is very diflicult to estimate. This complicates the estimation of aggregate returns on

human capital and motivates me to include returns on industry-specific human capital
13The weights of the highest IR portfolios in the hedging portfolios are not statistically significant.
These portfolios, by construction, consist of highly volatile stocks. A higher volatility of the equity
portfolio returns lowers the estimate of the corresponding hedge portfolio weights. In order to further
examine the link between idiosyncratic risk and hedging demand due to human capital, I also calculate
the coeflicients in a regression of the 25 size-IR portfolio returns on the human capital returns. These
"human capital betas" are presented in the next section and a number of betas for the high IR portfolios
are indeed statistically significant. This suggests that the lack of statistical significance of the hedge
portfolio weights of high IR portfolios is likely to be related to their high volatility rather than a lack of
covariance between these portfolio returns and the returns on human capital.
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in the analysis separately. In order to gain some preliminary insights in the relative
human capital wealth in different industries, I perform a number of back-of-the-envelope
calculations. Under the assumption that labor income follows and AR(1) process with a
constant growth rate and a constant discount rate, the wealth due to human capital is

proportional to the labor income

(see

equation (5.13)). For simplicity, I now assume that

both the discount rate and the growth rate of labor income are the same for all industries.
Consequently, differences in qnt across industries stem from differences in the labor income
in those industries. I calculate the average labor income over the full sample period for
each industry, as a percentage of total average labor income. These percentages can be

interpreted as the fraction of total wealth due to human capital that comes from that
specific industry The results show that human capital from the service industry forms

the largest fraction of total wealth due to human capital: 34%. Next are the distributive

industry (22%), the manufacturing industry (19%) and the government (18%). Human
capital in the goods producing industry forms the smallest fraction of total wealth due to
human capital (7%). Note that these results are based on the rather stringent assumption

that r and g are the same across industries. In the remainder of this chapter, I allow them

to vary across industries.

An alternative way of examining the relative wealth due to human capital in the
different industries is by looking at the number of workers. NIPA tables 6.5 and 6.6.
report the annual number of employees in the different industries (full time equivalent
workers and self-employed persons). I calculate the average number of workers in each

industry between 1959 and 2005, as a percentage of the total average number of employees.
These percentages are almost the same as those based on average labor income and the

ranking of the industries remains the same.14 The five industries under consideration
are broad and none of them seems to be negligible in terms of human capital wealth.
Hence, from these results it is difficult to infer which human capital industries will matter

most for asset pricing. However, the two measures indicate that human capital wealth is

different in different industries.
The next section discusses the empirical tests of the nontradable assets model with
human capital. First, I examine the link between the apparent premium for idiosyncratic
risk and human capital. Second, I investigate the impact of the observed heterogeneity

in human capital on the risk premium for stocks.

14
The percentages are as follows: service industry 28%, distributive industry 26%, manufacturing 20%,
government 16% and goods producing 10%.
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Empirical results
Nontradable human capital and the apparent premium for
idiosyncratic risk

The previous section reports that portfolios consisting of high idiosyncratic risk stocks
have higher average returns and CAPM alphas than portfolios with low idiosyncratic risk
stocks. This evidence is indicative of an apparent premium for idiosyncratic risk. In

this section I empirically examine whether the premium is related to nontradable human

capital. To this end, I test the nontradable assets model, that is derived in Section 5.2.
According to this model, the presence of a nontradable asset results in an additional factor
next to the tradable market portfolio. The additional premium depends on the covariance

between the CAPM residual return and the return on the nontradable asset.

I test the model for monthly returns on 25 size-IR sorted portfolios, discussed in Section

5.3.3. I specify the nontradable assets

as aggregate and

industry-specific human capital.

The cross-sectional regression model of eq. (5.9) can be estimated using the two-stage
Fama-MacBeth (1973) procedure. In the first stage, Bmkt,i and Cot,(ei, 49 are estimated
using multiple time series regressions over the full sample period. B
slope of an
mkt,i is the
OLS regression of r, on a constant and rmkt· ei is the residual excess return of portfolio

i with respect to the market model and rkbc is the excess return on nontradable human
capital asset k. K equals either one (aggregate human capital) or five (industry-specific
human capital). In the second stage, in each month excess portfolio returns are regressed
on the cross-section of betas and covariance estimates. Then, I compute the time series
averages of the cross-sectional regression coefficients.

The independent variables have

been estimated in the first-stage regressions and they are therefore subject to estimation
error. However, since not all factors are returns, the Shanken (1992) or Jagannathan
and Wang (1996, 1998a) corrections cannot be applied. I therefore simply report the
Fama-MacBeth (1973) standard errors. Nevertheless, in the next section I estimate the
beta specification of the nontradable assets model, that is equivalent to the specification
estimated in this section. As the beta specification only includes univariate betas I apply

the Jagannathan and Wang (1996, 1998a) adjustment to the standard errors.

The table also reports the OLS cross-sectional regression's adjusted R2 and the GLS
122. I report the GLS R2 as an alternative measure of model fit. Kandel and Stambaugh
(1995) and Lewellen, Nagel and Shanken (2006) argue that it is much more difficult to

find a high GLS R2 than a high OLS R2. The GLS R2 is related to a factor's or factor
mimicking portfolio's (in case of non-return factors) proximity to the minimum-variance
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boundary If a factor or factor mimicking portfolio is nearly mean-variance efficient, the
value. On the other hand,
the OLS R2 has the straightforward interpretation of the model's ability to explain the
GLS 122 is close to one, while the OLS R2 can have almost any

expected returns on the test assets. Also, since the GLS 122 requires an estimation of the
returns covariance matrix, the precise finite sample properties are unknown. Hence, I use

both the OLS and GLS 1Fs as complementary measures of model fit.15
Table 5.3 Panel A presents the results. First, and most importantly, the additional
factor(s) of the nontradable assets model are statistically significant at the 1 percent level

for both aggregate human capital and industry-specific human capital for all industries,
except for the government. This confirms that the covariance between the CAPM idiosyncratic return and the nontradable asset returns is an important determinant of the
cross-section of expected stock returns. The models with aggregate and industry-specific
human capital are able to explain 27% and 85% of the cross-sectional variation in average
excess returns.

Next, I compare the estimates of 00 and mkt with the predictions based on economic
theory. First, Wmkt is an estimate of the market price of risk and it should be positive
and significant. This holds for both model specifications. Next, the intercept 40 should
equal to zero according to the pricing equation of the nontradable assets model. This
model has been derived using excess returns.

An implicit assumption that has been

made is that the riskless borrowing and lending rates are the same as the one-month

T-Bill rate. Consequently, the zero-beta rate should equal the one-month T-Bill rate.
Since the model has been estimated for returns in excess of the one-month T-Bill rate,
the intercept should be zero. In fact, when the nontradable assets model is estimated
for aggregate human capital, the intercept is insignificant with a t-value of -0.89. This
supports the validity of the model. However, when industry-specific human capital is

included the estimated intercept of -0.3% is significant at the 5% level. In order to further

investigate this, I redo the cross-sectional regressions imposing the restriction that the
intercept equals zero. These regressions are estimated using restricted least squares and
the results are presented in Table 5.3, Panel B. For the model with aggregate human

capital the restriction is not likely to be binding, as the intercept of the unrestricted
regression is insignificant.

Indeed Panel B shows that the results remain similar; the

For model comparison, I compute R2 s that are adjusted for the different degrees of freedom. Nevertheless, these R2s might still be affected by the fact that some models include a larger number of factors.
Therefore, in future research I plan to simulate the distribution of the OLS IP for different numbers of
(random) factors. This allows me to formally examine to what extent a higher R2 for a model with more
factors can be attributed to a better ability of the model to capture the cross-section of expected returns.
15
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market price of risk is positive but its t-value drops to 1.52. The second factor, the
covariance between the market model residual and the return on aggregate human capital
remains positive and significant at the 5% level. The djusted OLS R2 is 26%. The

results of the restricted regression using industry-specific human capital are also similar
to the unrestricted regression. The market price of risk is positive and significant. The
coefficients of the goods producing and service industries remain significant, while the

coefficients of the manufacturing and distributive industries have the same signs and
magnitudes as in Panel A, but lose statistical significance. The OLS adjusted R' remains
85%. Generally, the results are robust for the restriction that the zero beta rate equals

the risk free rate.
In sum, the nontradable asset model is supported by the data. This suggests that the
apparent premium for idiosyncratic risk can (at least partially) be explained by nontradable human capital. This is the first main empirical result of the chapter. In addition,
the results show that including industry-specific human capital rather than aggregate human capital improves the model performance remarkably. Both the OLS and GLS 1Ps
increase substantially (from 27% to 85% and from 16% to 40% respectively). Moreover,
the impact of the covariance between e, and the return on human capital on average

portfolio returns is industry-specific; while the covariances with human capital returns
from the goods producing and distributive industries have a significant negative impact
on average returns, for human capital from the manufacturing and service industries it
is significantly positive. The coefficient of the government is insignificant. This suggests

that heterogeneity in human capital affects the risk premium of stocks.

5.4.2

Asset pricing implications of industry-specific human capital

This section takes a closer look at the impact of industry-specific human capital on expected stock returns. To this end, I compare the performance of the nontradable assets

model with industry-specific human capital to four alternative well-known asset pricing
models: the static CAPM, the human capital CAPM with aggregate human capital (e.g.,

Jagannathan and Wang, 1996, Lettau and Ludvisgon, 2001, Palacios-Huerta, 2003), the
conditional CAPM (Jagannathan and Wang, 1996) and the Fama and French (1993)

three-factor model. Since these models all have (multi-) beta pricing equations, it is convenient to compare them to the beta representation of the nontradable assets model of
equation (5.10). In Section 5.2.4 I discuss how the pricing equation can be rewritten as a

multi-beta model. Note that this pricing equation is

a linear

transformation of the pricing
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equation that was tested in the previous section.

I test and compare the different asset pricing models in several ways. First, I examine
the first-stage industry human capital betas for the 25 size-IR sorted portfolios. Second,
using the 25 size-IR portfolios I estimate the different cross-sectional regression models,
using the Fama-MacBeth (1973) procedure discussed in the previous section. I consider

their cross-sectional OLS and GLS R2s, as well as the significance of the cross-sectional
regression coefficients. Next, I add additional factors to the nontradable assets model,

such as the size and value factors, to assess whether they diminish the impact of the
industry human capital factors. Finally, I compare the pricing errors of the different
models. The robustness checks in Section 5.5 involve removing the extreme small-size

high IR portfolio, imposing the restriction that the zero beta rate equals the risk free

rate, using an alternative measure for returns on human capital and testing the models
for different sets of portfolio returns, i.e., the 25 size- book to market portfolios and 30

industry portfolios.

Time-series human capital betas
Before estimating the cross-sectional regressions of the different asset pricing models under

consideration, I first test the significance of the first-stage human capital betas. Kan and
Zhang (1999) show that when the asset pricing model is misspecifed, betas with respect
to useless factors (i.e., factors that have zero covariance with all asset returns) can still
be significantly priced in the cross-sectional regressions. The reason is that the true betas
are zeros and hence, the true risk premium for these useless factors is undefined. Kan and

Zhang (1999) show that as the estimated betas go to zero, the estimated risk premium
goes to infinity Therefore, it is important to first investigate whether the human capital
betas are statistically different from zero, before including them in the cross-sectional
regression model, as is suggested by Kan and Zhang (1999).

I estimate human capital betas for each of the 25 size-IR sorted portfolios, based on
multiple univariate regressions over the full sample period. Table 5.4 reports the results.
First, there is a remarkable pattern in the individual betas. For a given size, the human
capital betas increase as the idiosyncratic risk of the stocks in the portfolio increases. This
pattern can be seen in all panels, for aggregate and industry-specific human capital. Also,
it is present in all size quintiles. This is an important finding, as it shows that stocks with

higher CAPM idiosyncratic risk have higher exposures to human capital. Precisely these
stocks have higher alphas with respect to the CAPM (see Table 5.2, Panel B), indicating

that the mispricing of the CAPM is more severe for high idiosyncratic risk stocks. In
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other words, the apparent premium for idiosyncratic risk is larger for stocks with higher
exposures to human capital. This confirms the link between nontradable human capital
and the premium for idiosyncratic risk, which has already been shown in the empirical
results of the nontradable assets model in the previous section.
Several individual betas are statistically significant, mainly for aggregate human cap-

ital and human capital from the service industry. Some are significantly positive, for
instance the beta of the Sl-IR5 portfolio with respect to human capital from the service
industry is 1.73, which is significant at the 5% level. Other betas are significantly negative, such as the beta with respect to aggregate human capital for the S5-IRl portfolio,
which is -0.77 and significant at the 5% level.

In order to determine whether a factor is useless, I perform two types of Wald tests.

First, I test whether the exposurcs to this factor are zero for all

25

portfolios. Then, I test

whether the exposures are all equal for the 25 portfolios, since that would take away any
power the factor might have in explaining the cross-sectional variation in expected returns.

The results are reported in Panel B. The null hypotheses can be rejected for all human
capital factors (at the 1% level, and for the goods producing industry at the 10% level).

This implies that the aggregate as well as all five industry-specific human capital factors
are unlikely to be useless and I therefore include them in the cross-sectional regressions.

Discussion of alternative asset pricing models
I compare the performance of the nontradable assets model with industry human capital
to four well-known asset pricing models. First, the static CAPM, that only includes the
beta with respect to the tradable market portfolio.

The human capital CAPM
Second, I consider the so-called human capital CAPM in which the CAPM is extended

with one additional factor: the returns on aggregate human capital (as in, amongst others,
Jagannathan and Wang, 1996). The cross-sectional regression model for the human capital

CAPM is:
E[¢l = Co + CmktBinkt,i + Ct:SBYS,i,

(5.15)

hc

:, is defined as usual and B US,i is estimated as the slope coefficient of an OLS
regression of the returns on portfolio i on a constant and the returns on aggregate human

where Amkt

capital for the US as a whole. While this model is similar to the beta representation
of the nontra :table assets model (in fact, when M=1 the cross-sectional regressions
are exactly the same), there is a crucial difference between the two models. The human
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capital CAPM assumes that human capital is tradable. As such, it should be included
in the market portfolio and the CAPM should hold with respect to this total market
portfolio.16 The returns on the total market portfolio are a linear combination of the
returns on the stocks and the returns on human capital. However, since the weights in

the total market portfolio are unknown, the portfolio returns cannot be calculated. The
human capital CAPM assumes that the weights of human capital are constant over time
and includes returns on aggregate human capital as an additional factor, next to the

returns on the market portfolio of stocks. In contrast, in the nontradable assets model,
human capital is assumed to be nontradable. The additional factor that arises depends
on the weighted average hedging demand induced by nontradable human capital. The

original specification of the human capital CAPM requires betas to be estimated with
respect to total returns, without subtracting the risk free rate. However, I estimate all

betas of all models with respect to excess market and human capital returns.

The conditional CAPM
The third alternative model that I consider is the conditional CAPM. Jagannathan
and Wang (1996) show that the performance of the CAPM improves remarkably when
testing a conditional version of the model. They show that when betas and expected
returns vary over time, the conditional CAPM can be written as an unconditional multifactor model that includes the market beta and a so-called premium beta, that measures
the beta-instability risk:
E[lr} =Co + Crnkt mkt,i +
The forecasting variable is

C.prem prem,i'

(5.16)

RC7, which is the lagged yield spread between Moody's BAA

and AAA rated corporate bonds, which can be downloaded from the Federal Reserve

Bulletin (published by Board of Governors of the Federal Reserve System). The premium
beta is estimated as the slope coefficient of an OLS regression of Tfr on a constant and

Similar to the human capital CAPM, the market beta in the original model
specification should be estimated with respect to the total, not excess, market return.
However, in all models I estimate market betas using the excess return on the CRSP
/4Tyn.

market portfolio.
16 In theory, when human capital is tradable, the CAPM should hold for the returns on the total market
portfolio, i.e., expected excess returns are determined by the beta with respect to this market portfolio.
This beta relation breaks down when human capital is nontradable. In the appendix I show that when the
nontradable assets are included in the market portfolio, expected excess returns are determined by the
covariance with returns on this total market portfolio. However, this cannot be written as a single-beta
model when beta is defined in the usual way This is also shown by Mayers (1972)
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The Fama and French three-factor model
Last, I compare the nontradable assets model to the Fama and French (1993) threefactor model (referred to as FF3), based on the following cross-sectional regression model:
Ellr} = Co + Cmkt/mkt,i + Cs"'613,mb,i + Chmt/hmt,i,
where Bamb, i is estimated as

(5.17)

the slope coefficients of a univariate regression of the portfolio

returns on a constant and the Fama and French (1993) size factor SMB. B hm/,2 is estimated
similarly, using the value factor HML. I download SMB and HML from French's website.

In the next sections I will evaluate the relative performance of the nontradable assets
model with industry human capital with respect to these four asset pricing models. I
test all models using the Fama-MacBeth two-stage procedure, similar to the approach
discussed in Section 5.4.1. The betas used for the cross-sectional regressions are all based

on univariate time series regressions. This facilitates the comparison of different model
specifications, as the beta estimates do not change when a factor is added. Moreover, the

test of this model can be interpreted a test with the null hypothesis that the CAPM holds,
i.e. the tradable market portfolio is mean-variance efficient. If this is correct, additional
factors should not matter (Chen, Ross and Roll, 1986).

Cross-sectional regressions
Table 5.5 reports the results of the estimation of the different models for the monthly
excess returns on 25 size - idiosyncratic

risk sorted portfolios. It gives the estimated crosssectional regression coefficients and the corresponding t-values. The t-values have been
adjusted for estimation error in the univariate betas using the Jagannathan and Wang
(1996 and 1998a) adjustment.17 The table also reports the cross-sectional regressions'
OLS adjusted 1Ps and the GLS R2s.
Panel A shows that for the static CAPM the estimated market price of risk cmkt is

quite large, 0.014, and it is statistically significant. The cross-sectional OLS adjusted R2

is 19% and the GLS R is much lower, 5%. The estimate of the intercept is significantly
negative, while according to economic theory co should be zero in this model that is
estimated for excess returns. Next, in the human capital CAPM aggregate human capital
returns are included as a second factor. The estimate of 4fs is 0.0048 and it is significant
17Jagannathan and Wang (1998b) show that the Fama-MacBeth (1973) standard errors do not necessarily overestimate the true t-values when returns are heteroskedastic. In unreported results I also
calculate the unadjusted Fama-AfacBeth t-values and find that they are very similar to the adjusted
t-values that I report in Table 5.5.
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Moreover, the estimate of cmkt is 0.62 and is positive and significant.
Also, the intercept is insignificant. The OLS 122 increases to 27% when aggregate human
capital is included in the model and the GLS 122 increases to 16%. In sum, the human

at the

1% level.

capital CAPM clearly outperforms the static CAPM.
Panel B reports the estimates of the main model of interest: the nontradable assets
model with industry-specific human capital. I find that the coefficients for all human

capital industries, except for the government, are significant at the 1% level. The coefficients are quite large, ranging from -3.11% (goods producing) to 2.87% (service industry).
Note that many human capital betas are relatively low, as can be seen in Table 5.4. The

model is able to capture a striking 85% of the cross-sectional variation in expected returns.

Also, the GLS IP increases to 40% suggesting that the combination of the returns on the
tradable market portfolio and industry human capital returns lies closest to the minimum
variance boundary. 18 Although the R23 have been adjusted for the degrees of freedom, to
a certain extent one would expect to find a higher 122 for a model that includes a larger
number of factors. Nevertheless, the difference with the R2s of the human capital CAPM
with aggregate human capital is remarkably large. This confirms the results discussed in
Section 5.4.1 that the performance of an asset pricing model improves remarkably when

including industry-specific rather than aggregate human capital. One note of caution
should be made, as the intercept of the model is significantly negative. This is further
investigated in the robustness check. The estimate of C™kt is negative and insignificant.
However, expression (5.11) shows that this coefficient represents the market price of risk
minus the covariance between the market portfolio returns and the aggregate nontradable

Therefore, theoretically, cmkt can be negative. However, these negative
estimates of C„Tkt are likely to be driven by the extreme small size - high IR portfolio.
asset returns.

In the robustness check in Section 5.5.1 I show that when this portfolio is excluded, the
coefficient estimates of c,nkt become positive and (at least marginally) significant.
Panels C and D confirm the well-known results that the conditional CAPM and the

FF3 model outperform the static CAPM. The estimates of c „™, c,mb and cbmt are all
significantly different from zero and the models exhibit higher OLS IFs (55% and 37%) and
they have higher GLS I s as well. However, for both models the intercept is significantly
negative and the market price of risk is insignificant in the FF3 model. In terms of R2s
18 Note that the significance of the human capital coefficients and the cross-sectional JFs are exactly
the same as in Table 5.3. In that table I estimate another specification of the nontradable asset model
including Cov(ei, rhc) rather than g'C. In Section 5.2.4 I argue that the two model specifications are
linear transformations and this can indeed be seen by comparing Tables 5.3 and 5.5 (Panel B)
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these models outperform the human capital CAPM, but underperform the nontradable
assets model.

Next, I include the yieldspread and the size and value factors in the human capital
CAPM and in the nontradable assets model to see whether they affect the explanatory
power of aggregate and industry-specific human capital.

The results are presented in
Panels C and D. I find that the coefficient of aggregate human capital loses significance
when the yieldspread is addedig, and becomes negative and significant when the size
and value factors are added. In this model specification the value factor c mt becomes

statistically insignificant. On the other hand, the coefficients of all five industry human
capital factors are highly significant when these factors are included. Whereas c
prem
remains significant when industry human capital is added to the conditional CAPM, both
Camb and Chmt become

insignificant after the addition. This suggests that adding industry-

specific human capital to the FF3 model crowds out the size and value factors. While
this confirms the superior model performance of the industry human capital CAPM, the

results should be interpreted with caution, given the large number of factors in this model
specification.

Note that the measure that I use for the returns on human capital, the growth rate in
labor income, assumes a constant discount rate. Clearly this is a simplifying assumption.
When the yieldspread is added as an additional variable in the regressions, it could also be
interpreted as a control variable for changes in the discount rate. Hence, the finding that
the industry human capital coefficients remain significant after including the yieldspread
suggests that the importance of industry human capital is, at least to a certain extent,
robust for changes in the discount rate.

In sum, these cross-sectional regressions show that industry-specific human capital
impacts equity returns. The nontradable assets model including industry human capital
outperforms the four benchmark models, and in particular, it outperforms the human

capital CAPM with only aggregate human capital. This is the second main empirical
finding of the chapter.20

19This contrasts the results of amongst others Jagannathan and Wang (1996) who report significant
coefficients. Note that they test the model for a different set of portfolios, namely 100 size-beta sorted
portfolios.
20
The impact of industry human capital might be affected by industry equity factors. This could
be examined by regressing the returns on industry-specific human capital on industry equity returns
and including the orthogonal component of this regression in the human capital CAPM. However, an
alternative view is that industry equity factors exist because of industry human capital. Hence, if there
is a relation between the two, the a-priori direction of the causality is unclear.
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Pricing errors
In the previous section I have compared the different asset pricing models based on the
cross-sectional OLS and GLS IPs and an examination of the cross-sectional regression
coefficients. In this section I take a further look at the pricing errors of the models. Figure 5.1 shows scatterplots of the average realized excess returns versus the fitted expected

This figure provides a visual impression
of the model fit. If all points would be on the 45 degree line through the origin, the model
would correctly price all portfolios. The plots also report the average absolute pricing
excess returns for the 25 size-IR sorted portfolios.

error (denoted by a.a.p.e.). This is calculated as the average of the absolute differences
between the average realized excess return and the fltted expected excess return. The

fitted expected return

is based on the estimated

parameters of the cross-sectional regres-

sion models of the static CAPM, the human capital CAPM with aggregate human capital
(eq. (5.15)), the nontradable assets model with industry human capital (eq. (5.10)), the

conditional CAPM (eq. (5.16)) and the FF3 model (eq. (5.17)).
First, I evaluate the pricing errors of the four alternative models, then I compare those
to the nontradable assets model with industry human capital. The figure confirms the
inadequacy of the static CAPM. Many points are quite distant from the 45 degrees line.

One portfolio in particular, the Sl-IR5 portfolio, has a very large pricing error, of 3.3%.
The average realized excess return of this portfolio is 4.66%, as can also be seen in Table
5.2. The dramatic failure of the CAPM to price this portfolio is precisely related to the
apparent premium for idiosyncratic risk. The a.a.p.e. of the static CAPM is 0.40%. Next,
I examine the pricing errors of the human capital CAPM, including aggregate human

capital. Whereas in terms of R2 this model outperforms the static CAPM, it leads to
similar or even larger pricing errors. The pricing error for the S 1-IR5 portfolio is still
very large, namely 2.9%. The a.a.p.e. is even slightly larger than for the static CAPM,
it is 0.43%. The average absolute pricing errors for the conditional CAPM and the FF3
model have similar magnitudes, they are 0.35% and 0.42% respectively. These two models
also have difficulties in pricing the Sl-IRS portfolio; the pricing errors are 2.2% and 2.5%
respectively.

The nontradable assets model with industry human capital clearly outperforms these

four models in terms of pricing errors. The scatterplot shows that the points are sub-

stantially closer to the 45 degree line than for the other models. Importantly, this model
does a remarkable good job in pricing the Sl-IR.5 portfolio.

The pricing error is only
0.6%. The a.a.Be. is 0.22% and is almost twice as low as the average absolute pric-
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ing errors of the other models. In order to check to what extent this outperformance is
driven by the model's ability to price the Sl-IR5 portfolio, in the robustness check, I redo
the Fama-MacBeth regressions and the calculation of the pricing errors, excluding this
extreme portfolio.

In sum, for the set of 25 size-IR sorted portfolios, the nontradable assets model with
industry human capital is the clear winner of this horse race. It outperforms the four
alternative models in terms of OLS and GLS cross-sectional R2s, the industry betas are
highly significant for four out of the five industries and remain significant after including
the yieldspread and size and value factors. They even eliminate the explanatory power

of the size and value factors. Last, the model has the lowest pricing errors and docs a
particularly good job in pricing the small size - high IR portfolio. In sum, industry-specific
human capital has an important impact on the cross-section of expected returns.

5.5

Robustness check

5.5.1 Excluding the small size - high IR portfolio
The first robustness check concerns the small size - high IR portfolio. As discussed in
Section 5.3, this portfolio has the smallest average size, the highest standard deviation of

returns and in particular, it has an extreme average excess return of 4.66% per month.
Its CAPM alpha is high as well, 3.91%. The previous section showed that except for the
nontradable assets model with industry human capital, all alternative models have difficulties with pricing this portfolio. In order to examine to what extent the outperformance

of the nontradable assets model is due to its superior ability to price the Sl-IR5 portfolio,
I exclude this portfolio and perform the Fama-MacBeth regressions and the calculations
of the pricing errors for the remaining 24 size-IR portfolios.
The results of the Fama-MacBeth regressions can be seen in Table 5.6, Panel A. First,
as was to be expected, the OLS and GLS R2s of the static CAPM, human capital CAPM,

conditional CAPM and the FF3 models all increase compared to Table 5.5. On the
other hand, the R2s of the nontradable asset model with industry-specific human capital
have decreased slightly. Nevertheless, the model's outperformance is robust. Although
the OLS adjusted 122 of the conditional CAPM is slightly higher (75% versus 74%), the
GLS 122 of the nontradable assets model is higher than those of the alternative models.
Whereas the intercept is significantly negative, the estimate of cmkt is significantly positive

and the four industry human capital factors remain significant, with the same signs and
magnitudes. On the other hand, the aggregate human capital factor of the human capital
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CAPM is now insignificant, with a t-value of 1.10. The size factor of the FF3 model loses
its statistical significance as well and both the conditional CAPM and the FF3 model
have significantly negative intercepts. Note that the estimate of cmkt is positive and (at
least marginally) significant for all models. This suggests that the negative estimates of

Cmkt that are reported in Table 5.5 could be due to the extreme Sl-IR5 portfolio. The
nontradable assets model again has the lowest average absolute pricing error: 0.12%.

The static, human capital and conditional CAPM have average absolute pricing errors of
0.19%, 0.20% and 0.16% respectively. The FF3 model has an a.a.p.e. of 0.18%.

In sum, the outperformance of the nontradable assets model with industry-specific
human capital is not only due to its ability to price the extreme small size - high IR

portfolio. It also outperforms the four alternative models in pricing the other

24 size-IR

portfolios.

5.5.2 Restrictions on the zero beta rate
The nontradable assets model is derived using returns in excess of the risk free rate. I
implicitly assume that the riskless borrowing and lending rates are the same and equal
to the one-month T-Bill rate. The pricing equation of the model does not include an

intercept and when testing the model using returns in excess of the one-month T-Bill
rate, the intercept should equal zero. In other words, the zero-beta rate should equal the
risk free rate. The same holds for the static CAPM and for the FF3 model, that does

not include an intercept either. Jagannathan and Wang (1996) derive the conditional
CAPM and the human capital CAPM allowing for differences between borrowing and
lending rates. If these are different, the zerc-beta rate should lie in between the two and
the intercept in the regression for excess returns should reflect the difference between the

T-Bill rate. Hence, in their setup the regressions
for the human capital and conditional CAPM can have nonzero intercepts. However,
average zero-beta rate and the average

when the borrowing and lending rates are assumed to both equal the T-Bill rate, the

intercepts should be zero in these two models as well.
As discussed in the previous section, the estimated intercepts of all models, except for
the human capital CAPM, are significant and negative. In addition, the magnitudes are

quite large (ranging from -0.33% for the nontradable assets model with industry human
capital to -1.32% for the conditional CAPM). In Section 5.4 I have imposed restrictions on
the intercepts of the cross-sectional regressions of the first specification of the nontradable
assets model,

that includes the covariance between the market model residual and the

returns on human capital. In this section I impose the same restriction of a zero intercept
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on the beta specification of the model as well as on the four alternative models. The
cross-sectional regressions are estimated using restricted least squares.

Table 5.6 Panel B reports the results of the restricted regressions, estimated for the
25 size-IR

portfolios. Both the static and human capital CAPM have significant and

positive estimates of cmkt. Also, the aggregate human capital factor remains significant.
In contrast, the estimates of the c™kt coefficient for the other three models are negative,

but not statistically significant. For the nontradable assets model with industry human
capital it is only marginally significant, with a t-value of -1.79. When the extreme small
size - high IR portfolio is removed from the regression, the coeflicient becomes positive but

insignificant. The coeflicients of two industry human capital factors are significant and

their magnitudes are similar to those of the unrestricted regressions. The cross-sectional
OLS adjusted 122 remains 85% which is higher than for the other models. Note that the
R2 of the human capital CAPM with aggregate human capital is only 26%. In general,
these results instill confidence in the finding that a model with industry-specific human

capital better captures the cross-section of expected stock returns than a model with
aggregate human capital.

5.5.3

An alternative measure of human capital returns

So far, I

have estimated returns on human capital based on Jagannathan and Wang

(1996) (which I refer to as "JW timing") as the lagged growth rate in per capita labor
income. The one-month lag is implemented, because labor income data are typically
published with a one-month delay. However, for the individual investor his own human

capital determines his hedging demand for stocks. Each investor can observe his own
labor income for the current month. This suggests that the one-month lag may not be
desirable when measuring returns on human capital. This is also noted by Heaton and
Lucas (2000), who adjust the timing of the Jagannathan and Wang (1996) measure. With
contemporaneous timing, returns on human capital are calculated as:
Rhc =

Lt + Lt- 1

Lt-1 + Lt-2

- 1.

(5.18)

Similar to the JW timing. I use the two-month moving average to correct for estimation

error in the labor income data. Note that these returns on human capital are not achievable with real-life trading strategies, since they use information that becomes publicly
available at the end of the month.
I estimate the human capital CAPM with aggregate human capital and the nontradable assets model with industry-specific human capital using this alternative measure for
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human capital returns. Table 5.6 Panel C reports the estimation results for 25 size-IR

portfolios. While the estimated coefficient for aggregate human capital is insignificant
(the adjusted t-value is 1.28), it is statistically significant for three out of the five human

capital industries, thereby supporting the nontradable assets model. The magnitudes of
the coefficients are lower than with the Jagannathan and Wang (1996) measure of human
capital returns. Heaton and Lucas (2000) also find that the returns on aggregate human
capital seem to be quite sensitive to the timing issue. In their model (that also includes

proprietary income) the significance of aggregate human capital disappears when using
contemporaneous timing. This panel confirms the importance of allowing for industryspecific rather than aggregate human capital. The OLS and GLS 1?2s are 16% and 35% for

the human capital CAPM. For the nontradable assets model they are remarkably higher:
85% and 52%. These measures suggest that the model fits the data quite well.

In sum, the finding that the industry-specific human capital matters is robust for
contemporaneous timing of human capital returns.

5.5.4

Alternative sets of portfolio returns

So far, all tests have been performed using monthly returns on 25 size idiosyncratic
risk sorted portfolios. As a robustness check, I test the models for two additional sets
-

of portfolio returns. In particular, I use the well-known 25 size - book to market (sizeBM) portfolios, downloaded from Kenneth French's website. The portfolio returns are
constructed as in Fama and French (1992, 1993). These portfolios are known to have
a strong factor structure, which can lead to a good model fit when using any set of
factors that are sufficiently correlated with the size and value factors (Lewellen, Nagel
and Shanken, 2006). Therefore, I also use a third set of test assets consisting of both the
25 size-BM portfolios and 30

industry portfolios (from French's website).

Table 5.7 Panel A reports the results for 25 size- book to market (size-BM) portfolios.
Similar to the results in Table 5.5, and not surprisingly, the static CAPM delivers the

worst performance. The OLS and GLS IPs are lowest and the market price of risk is
insignificant. The coefficient for aggregate human capital in the human capital CAPM is

marginally significant and the OLS R2 is slightly higher compared to the static CAPM;
16% versus 10%. The GLS Ifs are similar, 12%. Next, the nontradable assets model

with industry-specific human capital outperforms these two models. Three out of the
five industry human capital betas are significant and the OLS and GLS R2s are higher,
46% and 22%. This confirms that allowing for heterogeneity in human capital improves
the model performance compared to including only aggregate human capital. However,
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whereas the nontradable assets model seems to outperform the four benchmark models for
25 size-IR portfolios, for the 25 size-BM portfolios the conditional

CAPM shows

a

similar

performance. The FF3 model seems to capture the cross-section of expected returns best,

with OLS and GLS IPs of 73% and 33% respectively. Note that all five models have
Significant positive intercepts and, except for the static CAPM, have significant negative
estimates of c,nkt· Unreported results show that when the intercept is restricted to zero, the

estimates of c™kt become positive and significant for all models, except for the conditional
CAPM for which the coefficient estimate is negative but insignificant.

The results for the combined set of 25 size-BM and 30 industry portfolios are presented
in Panel B. The cross-sectional R2s of all models are substantially lower than in Panel

A, suggesting that it is more difficult to capture the cross-sectional variation in expected
returns of these 55 portfolios. Now the static, human capital and conditional CAPM
models display very poor performances. The market price of risk is insignificant and
the aggregate human capital beta and the premium beta are statistically insignificant

as well. The cross-sectional 1 s are very close to zero or even slightly negative. The

nontradable assets model shows a better performance. Three out of the five industry
betas are significant and the OLS and GLS R2s are 9% and 8%. Nevertheless, the FF3
model performs best in terms of R2s (27% and 13%) and whereas the value factor is

insignificant, the size factor is significant. Again, when the intercept is set equal to zero,
the estimates of c„,kt become positive and significant for all model specifications (these
results are not reported).
Unreported results show that the average absolute pricing errors for these two sets of
test assets are in general lower than for the 25 size-IR sorted portfolios. Whereas the FF3
model has the lowest a. a.p.e. for both sets of portfolios, the conditional CAPM and the

nontradable assets model with industry human capital have similar pricing errors. The
nontradable assets model again has lower pricing errors than the static and the human

capital CAPM.
In conclusion, while the FF3 model outperforms the nontradable assets model for
returns on 25 size-BM portfolios and 30 industry portfolios, the nontradable assets model
performs similarly to the conditional CAPM and it clearly outperforms the static and the
human capital CAPM. Hence, the main finding that it is important to include industryspecific rather than aggregate growth rates in labor income is robust. Note that since

the beta representation of the nontradable assets model is a linear transformation of the
specification that is examined in Section 5.4.1, the robustness tests apply to the results
presented in Section 5.4.1 as well.

5.6. Conclusion
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Conclusion

This research re-examines the impact of human capital on asset pricing and has two main
messages. First, I find that the apparent premium for idiosyncratic risk is, at least to
some extent, due to nontradable human capital. The results show that portfolios with high

idiosyncratic risk stocks (measured as the CAPM residual variance) have higher CAPM
alphas than portfolios with low IR stocks, suggesting a "premium " for idiosyncratic risk.
Precisely the high IR portfolios have higher exposures to human capital returns. In order
to further investigate this link between nontradable human capital and the premium for

idiosyncratic risk, I derive a simple asset pricing model that includes nontradable assets.
Using this nontradable assets model I empirically show that when nontradable human

capital is excluded from the benchmark used to measure systematic risk, the resulting
idiosyncratic risk affects the cross-section of expected returns. The size of this effect
depends on each tradable asset's covariance with human capital returns.

Second, I examine the asset pricing implications of industry-specific human capital.
Whereas existing papers typically focus on aggregate human capital only, I allow for
heterogeneity in human capital. Aggregate human capital returns are very difficult to
measure. By disaggregating them into industry-specific human capital returns, I aim to

more precisely estimate the full impact of human capital on the cross-section of expected

stock returns. I show that human capital returns have different characteristic across
industries and induce different hedging demands for stocks. To investigate the effect

on equity risk premia, I estimate the nontradable assets model that includes a market
beta as well as five industry human capital betas. I compare this model to a number of
benchmark models; the static CAPM, the human capital CAPM with aggregate human
capital, the conditional CAPM and the Fama and French (1993) three-factor model. Using
25 size - idiosyncratic risk sorted portfolios, I find that the nontradable assets model
exhibits a dramatic superior performance, in terms of OLS and GLS R2s and in terms of
average pricing errors. These results suggest that human capital should be included in

the measure for systematic risk and when doing so, it is important to allow for industryspecific human capital. This finding is robust for inclusion of the yieldspread and the size
and value factors, when restricting the zero beta rate to the risk free rate, it is robust for
two alternative sets of portfolio returns, and for an alternative measure of human capital
returns.

In future research I will consider more alternative sets of portfolio returns for testing
the models. In particular, given that some model specifications have a large number of
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factors, I will consider a larger number of portfolio returns, such as 100 size - IR sorted
portfolios. Also, I will sort stocks into portfolios based on size and their beta with respect
to human capital returns. Next, by considering labor income data for more disaggregate
industries, I can analyze the hedging demand for stocks due to industry-specific human

capital in greater detail. For instance, has the importance of human capital from certain
sectors changed over time? And should investors working in certain industries go long or
short in their industry stocks to hedge against their human capital?
The model and the results suggest several areas of potentially fruitful future research.
For instance, including other types of nontradable assets. Next to human capital, two

other prominent nontradable assets classes that have been shown to affect equity returns
are real estate (e.g., Lustig and Van Nieuwerburgh, 2004) and private businesses (e.g.,
Heaton and Lucas, 2000). Whereas the literature has shown that each of the three major
nontradable assets individually impacts the cross-section of expected returns, these papers

typically do not investigate them simultaneously. As the nontradable assets model allows
for multiple nontradable assets, it is straightforward to incorporate human capital as well
as housing and private businesses in the analysis. Investigating these three nontradable
assets in one framework could lead to important insights on their relative importance and

their joint impact on expected stock returns.
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5.A Including both tradable and nontradable assets
in the market portfolio
In the nontradable assets model derived in Section 5.2 the market portfolio consists of
tradable assets only In this appendix all N tradable and all K nontradable assets are
included in the market portfolio. Denote the total supply of all N+K assets by the

(N + K)- vector S:

- -Itil

where Str is the N-vector of dollar supply for each of the tradable assets (which was
previously denoted by S) and Snt is the K-vector with the dollar "supply" of the nontradable assets. The dollar demand for all tradable assets is given in eq. (5.2). The total

"demand" for the nontradable assets is the sum over all investors of their dollar positions
L

in the nontraded assets E Weiqi. The weights of all N+K assets in the market portfolio
i=1

can be expressed as a = --1

S'LN+K

S and the total wealth in the economy, SiN+K, equals

L

E wo,i. This implies the following vector of market portfolio weights
i=1

6tr

= [AmEtrl iltr - 63trl Str,ntqnt

L

Land

1'

4nt

(5.19)

where
L

L

E wo,iqi

E Wo,iA,
A E i=1

and 4nt E

E wo,i

i=1

i=1

i=1

Denote r' = [Cr TLT3 · The excess return on the total market portfolio equals r lt = 6''r
The upper N rows of expression (5.19) can be written as

Utr = 7 (Etr tr - Etr,ntqnt)
where 5 E

i

i

(5.20)

Substituting
COU (Ttr, T™ t) - Etr(3'tr + Etr,nt( Ent ·

the pricing equation for the tradable assets eq. (5.20) can be written as

Btr = 5'COU(rtr, r

lt)'

(5.21)
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Hence, when all tradable and nontradable assets are included in the market portfolio,

only systematic risk with respect to this market portfolio is priced. True idiosyncratic
risk does not affect the risk premium. 21

21 In fact, this pricing equation is similar to the pricing equation for eligible assets in Errunza and Losq
(1985). In an international context they derive an asset pricing model assuming partially segmented
markets. They show that when both eligible (tradable) and ineligible (nontradable) assets are included
in the market portfolio, the eligible assets are priced as if the market was completely integrated, i.e. only
the systematic risk with respect to the market portfolio matters.
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5.B Tables and figures
Table 5.1: Summary statistics and correlations of returns on (industry-specific) human
capital
This table reports summary statistics for the monthly returns on human capital, for aggregate
human capital for the US as a whole as well as for industry-specific human capital. Human
capital returns are estimated as in Jagannathan and Wang (1996), as the lagged growth rate in
per capita labor income. Labor income data are retrieved from the National Income and Product
Accounts (NIPA) tables. For the returns on aggregate human capital NIPA table 2.6 is used
and labor income is defined as total personal income minus total dividends. For the returns on
five industry-specific human capital assets, NIPA table 2.7 is used and labor income is defined
as total wages and salary disbursements. The five industries are: goods producing (excluding
manufacturing), manufacturing, distributive industries, service industries and government. The
sample period runs from April 1959 to December 2005, a total of 561 months. Panel A reports
the mean, standard deviation, minimum, maximum and the first-order autocorrelation (denoted
by p(1)) of the monthly growth rates in labor income and the one-month T-Bill rate (denoted by
Rf). The p-values of the null hypotheses that the mean growth rates in labor income are zero
for all five industries, that they are equal and the null hypothesis that the variance in human
capital returns is equal for all industries are reported in parentheses. This panel concerns total,
not excess, returns, which are denoted by R. Panel B reports the unconditional correlation
matrix of the returns on aggregate and industry-specific human capital in excess of the onemonth T-Bill rate. Excess returns are denoted by r. ***,**, and * denote significance at the 1,
5 and 10 percent levels respectively.
Panel A: Descriptive statistics
Dhc
i LUS

mean (%) stdev (%) min (%) max (%)

p(1)

0.49
0.43

0.38

-2.05

1.85

0.55

0.74

-2.44

5.94

0.53

Rm<,n
Dhc
I Ldist

0.31

0.73

-5.29

3.90

0.55

0.44

0.46

-3.29

2.56

0.41

Rtrv

0.64
0.46
0.45

0.65

-6.42

5.65

0.26

0.43

-1.32

3.32

0.44

0.23

0.06

1.35

0.95

Rk.

r

R

Rf

Ho : mean R c is zero for all industries
Ho : mean Rhc is equal for all 5 industries
Ho: Var(Rhc) is equal for all 5 industries
5

p-value

(0.00)

(0.00)
(0.00)

Panel B: Unconditional correlation matrix for excess returns on HC

rrman

r

rM; 41,
0.44
***

0.70 ***
***
0.70

T seru
hc

0.62 ***

Tgot,
hc

0.33

***

71:Sn

T st 7.ser, T hc

gou

1

0.37 -*
0.43
0.24

***

-*

0.06

1

0.72 -*
0.59

***

0.08*

1

0.70 -*
0.13

***

1
0.03

1
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Table 5.2: Characteristics of 25 size - IR sorted portfolios

This table reports several characteristics of monthly excess returns on 25 size idiosyncratic
risk sorted equity portfolios. Every month the stocks from all nonfinancial firms that are traded
on the NYSE, AMEX and NASDAQ are first sorted into size quintiles, based on their market
capitalization at the beginning of the month. Then, within each size quintile, the stocks are
sorted into idiosyncratic risk quintiles, based on the estimated idiosyncratic volatility for that
month. The idiosyncratic volatility is estimated as the residual volatility of the market model,
including a constant and the excess return on the value-weighted CRSP index, estimated using
an EGARCH model for all available returns of the asset. Sl (S5) denotes the smallest (largest)
size quintile and IRl (IR,5) denotes the lowest (highest) IR quintile. Panel A reports the timeseries averages and standard deviations of the excess returns in percentages, the size of the stocks
in each portfolio (in log $ thousands), and the estimated Bmkt for each portfolio, which is the
slope coefficient of the market model. Panel B reports the estimated alphas with respect to the
CAPM for the 25 portfolios. The row "av.S" reports the alphas for five idiosyncratic risk sorted
portfolios, where each idiosyncratic risk quintile portfolio is averaged across all size quintiles.
Panel C reports the estimated weights of the 25 size-IR portfolio returns in the hedging portfolios
due to human capital. These weights are estimated based on the coefficients of an OLS regression
of the excess returns on human capital on a constant and the excess returns on the 25 size-IR
portfolios. The panel reports the p-values of the Wald tests for the null hypotheses that the
weights of the five portfolios within a certain IR quintile in the hedging portfolio are jointly equal
zero ( "p-val."). The panel also presents the p-values of the null hypothesis that all 25 weights
are jointy equal to zero. The five industries are: goods producing (excluding manufacturing),
manufacturing, distributive industries, service industries and government. Returns on human
*
capital are estimated as in Jagannathan and Wang ( 1996). ***,-, and denote significance at
-

the 1, 5 and 10 percent levels respectively.

Panel A: Characteristics 25 size-IR portfolios
Time series average excess returns (%)
Time series standard deviation (%)
IRl
2
3
4
IRS
IRl 2
3
4
IR5
Sl -0.12 0.43
0.75
1.48
4.66 Sl 4.04 5.99 7.26 8.91 13.54
2

0.16

0.47

0.64

0.84

1.76

2

3.98

5.45

6.68

7.99

11.21

3

0.39

0.64

0.73

0.78

0.95

3

4.03

5.51

6.51

7.64

10.30

4

0.50

0.81

0.76

0.79

0.60

4

3.84

4.99

5.86

6.99

9.36

S5

0.45

0.46

0.50

0.45

0.51 S5

3.65

4.24

4.94

5.80

7.84

Time series average size (log $ thousands)
IRl
2
3
4
IR5
Sl 8.79
8.75
8.69
8.60
8.47 Sl

Estimated Bmkt

IRl 2

3

4

IR5

0.67

0.96

1.11

1.27

1.59

2

10.04

10.03

10.01

9.99

9.96

2

0.74

0.99

1.19

1.36

1.66

3

11.03

11.02

11.00

10.98

10.95

3

0.78

1.08

1.27

1.45

1.72

4

12.17

12.13

12.09

12.06

12.02

4

0.78

1.01

1.20

1.42

1.71

S5

14.37

14.18

13.94

13.76

13.53 S5

0.76

0.91

1.08

1.23

1.53
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Panel B: Estimates of CAPM alphas (%)

IRl
Sl -0.44 ***
2

-0.19*

3

0.02

4

0.13*

S5

0.09
-0.08

av.S

2

3

-0.02

0.22

0.00

0.07

***

0.19

0.12

0.10

0.19*

0.12

0.02

-0.02

-0.13

0.09

0.12

0.23

0.13
0.33

***

IR5 - IRl

IR5

4
0.88

3.91

0.97
0.13

***

4.35

***

1.16

***

***

0.12
-0.34

-0.21

-0.22

0.92

-I

-0.31

***

1.00

***

Panel C: Weights of hedging portfolio (HP) due to nontradable human capital

IRl

HP weights (·102) for
2
3

rjtf
4

IR5

IRl

HP weights (·102) for r 8
2
3
4

IR5

Sl

0.58

-2.19*

-0.46

0.14

0.51

0.16

-2.18

-2.36

0.47

1.11

2

0.57

-0.11

-1.18

1.01

-0.38

-3.88

2.92

-3.22

2.49

-0.57

3

-1.38

2.07

-1.51

0.32

0.46

-0.72

0.91

-2.13

4.37*

0.15

4

3.68**

-2.63

1.29

1.33

-1.16

8.26**

-2.70

1.57

-2.24

-0.52

2.02*

-0.74

-0.37

-0.98

0.24

4.47**

-2.59

-0.86

-0.82

-0.65

(0.03)

(0.17) (0.60)

(0.58)

(0.51)

(0.02) (0.61) (0.38) (0.22) (0.74)

(0.04)

(0.11)

S5
p-val.

Ho: all weights jointly equal zero

IRl

HP weights (·102) for
2
3

T;;lan

4

IR5

IRl

HP weights (·102) for rtst
2
3
4

IR5

Sl

-0.01

-5.15**

-1.83

0.71

1.01

2.84

-2.21

-1.87*

0.48

0.76

2

6.59*

-1.83

-1.76

2.71

-0.55

1.74

0.05

-2.13

0.48

0.17

3

-4.22

3.57

-4.93*

2.81

0.45

-5.25**

3.22*

-1.91

1.52

0.03

4

6.62*

-0.65

1.20

-0.57

0.03

5.36"

-2.68

2.25

-0.06

-0.24

S5

-0.29

2.47

-0.06

-4.13**

-0.19

2.75**

-1.03

0.63

-2.40-

-0.68

(0.12)

(0.12)

(0.27)

(0.10)

(0.81)

(0.00) (0.22) (0.10) (0.31) (0.41)
(0.00)

p-val.

Ho: all weights jointly equal zero

IRl

HP weights (·102) for
2
3

(0.02)

HP (·102) for r '

Thecrv

4

IR5

IRl

2

3

4

IR5

Sl

3.95

-0.31

-2.25

0.96

0.03

-0.69

-1.94

0.18

-0.10

0.37

2

2.34

-4.45*

-3.14

2.53

-1.29

-1.69

3.92-

0.90

-0.87

-0.51

3

-3.44

3.84

-3.39

3.77**

0.97

-3.53

2.52

-0.66

-1.17

0.79

4

4.67

-1.96

1.18

0.63

-1.80

1.48

-2.38

-0.21

3.07-

-1.48

S5

0.60

-0.80

-0.80

-1.34

0.58

1.93

-0.36

0.02

-0.64

0.52

(0.34) (0.13)

(0.09)

(0.60)

(0.29) (0.10) (0.99) (0.38) (0.65)

(0.16)

(0.39)

P-val.

(0.23)

Ho: all weights jointly equal zero
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Table 5.3: Nontradable human capital and the apparent premium for idiosyncratic risk
This table reports tests of the nontradable assets model, based on the following cross-sectional
regression model:
K

E[rtr, - O mkt mkt,L+k=1 Cou(el, r C),
the excess return on portfolio i. rmkt is the excess return on the value-weighted
CRSP index and B mkt,i is the slope of an OLS regression of Ttr i on a constant and rmkt· ei
is the residual excess return of portfolio i with respect to the market
model and r is the
excess return on nontradable human capital asset k. K is the total number of nontradable
assets under consideration. The sample period extends from April 1959 to December 2005. The
model is estimated using returns on aggregate human capital for the US as a whole (K = 1)
and using returns on industry-specific human capital (K = 5). The five industries are: goods
producing (excluding manufacturing), manufacturing, distributive industries, service industries
and government. Returns on human capital are estimated as in
Jagannathan and Wang (1996) as
the lagged growth rate in per capita labor income. The model is tested for monthly excess returns
on 25 size - idiosyncratic risk sorted equity portfolios. The Fama-MacBeth (1973) procedure is
adopted. In the first stage, the B mkt,i and Cov(ei, r:C) are estimated using multiple time series
regressions over the full sample period. In the second stage, in each month excess portfolio
returns are regressed on the cross-section of betas and covariance estimates. Then, the time
series averages of the cross-sectional regression coefficients are computed. Panel A reports the
results of the unrestricted regressions. Panel B reports the results of restricted regressions, in
which the intercept of the cross-sectional regression is set equal to zero. These regressions are
estimated using restricted least squares. The table provides estimates of the cross-sectional
regression coefficients and the corresponding t-values (denoted by t). The table also reports the
0LS cross-sectional regression's adjusted R2 calculated as in Jagannathan and Wang (1996) and
the GLS RY in percentages.
where Tin i is

Panel A: Results unrestricted cross-sectional regressions

Coeff. Wo

tmkt

-0.002
t-val.
-0.89

0.005

0 -0.003

0.010

-540.91

203.06

-457.08

701.39

4.14

-8.05

3.61

-3.93

11.12

t-val.

-2.15

1.79

-1.hc

'PUS

A.hc

4'gds

-i,hc

11

nan

9''dist

,h,hc

Ms€ru

„h,hc

p gou

346.84
3.30

RJO R&
27%

-104.68 85% 40%
-1.26

Panel B: Results restricted cross-sectional regressions: 40- 0

Coeff.

00

0 0
t-val.

n.a.

0 0
t-val.

n.a.

0„,kt
0.003

#'tfs
376.14

1.52

2.33

-1Ac
9 gds

.i,

hc

Wman

42&t

./,hc

4' serv

tbhc leOls
-

90'IL'

26%

0.007

-599.37

148.89

-290.27

729.44

4.78

-3.41

0.79

-1.45

5.59

16%

-101.79 85%
-0.73
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Table 5.4: Time series betas with respect to returns on (industry-specific) human capital
This table presents the estimated time series betas with respect to excess returns on human capital. r r is the excess return on portfolio i, for i=1, . . ,2 5 size idiosyncratic risk sorted equity
portfolios. The sample period extends from April 1959 to December 2005. rkbc is the monthly
excess return on human capital asset k, calculated as in Jagannathan and Wang (1996) as the
lagged growth rate in per capita labor income in excess of the one month T-Bill rate. Returns
on aggregate human capital for the US as a whole as well as returns on industry-specific human
capital for five industries are considered. The five industries are: goods producing (excluding
manufacturing), manufacturing, distributive industries, service industries and government. 80*,
is calculated as the slope of the OLS regression of ri r on a constant and r . The other betas
*
are calculated similarly. Panel A reports the estimated betas. *-,-, and denote significance
at the 1, 5 and 10 percent levels respectively. Panel B reports results of the Wald tests for the
null hypotheses that all 85, are equal to zero and that they are all equal, for i = 1, ..., 25. The
panel reports the Wald test statistics and the p-values in parentheses. The White covariance
matrix is used.
-

Panel A: Time series betas w.r.t. returns on (industry-specific) human capital
Estimated dtfs
Estimated 1
3
4
IR5
IR5
IRl
2
IRl
2
3
4

Sl
2
3

4
S5

0.60
0.22
-0.04
-0.55
-0.77**

IRl
Sl

4

0.19
-0.08
-0.11
-0.32

S5

-0.21

2

3

1.22*

1.39*

1.72*

2.07

0.19

0.29

0.37

0.28

-0.02

0.63

1.11

2.06

0.10

0.11

0.24

0.11

0.24

0.00

0.98
0.50

0.71

1.43

-0.04

-0.02

0.08

-0.01

0.21

-0.09

-0.03

0.23

1.30

-0.22

-0.03

-0.01

0.14

0.31

-0.38

-0.10
he

0.35

0.65

-0.23

-0.01

0.06

0.17
ohc

0.33

4

IR5

IRl

Estimated B man
2
3

9 dist

4

IR5

0.38

0.43

0.43

0.30

0.18

0.53

0.82

0.73

0.64

0.12

0.18

0.13

0.35

0.00

0.28

0.56

0.63

0.97

-0.17

0.09

0.01

0.28

0.01

-0.08

0.40

0.47

1.18

-0.19

-0.13

0.02

0.29

-0.40

-0.01

0.08

0.50

1.27

-0.25

-0.03

0.29

0.38

-0.49

-0.11

0.16

0.84*

1.31**

4

IR5

IRl

2

3

4

IR5

1.02**

1.73"

0.47

0.81

0.82

1.05

1.27

0.79*

1.53"

0.30

0.21

0.45

0.83

1.21

0.61*

1.12*

0.24

0.11

0.29

0.49

0.64

hc
Estimated ds€ru

IRl

Estimated
3
2

2

3
***

Estimated B 1

0.62-

0.98

0.66**
0.33

0.84**
0.68**

4

0.33
0.30
0.26
0.09

0.34

0.44

0.61*

1.11**

-0.06

0.09

0.06

-0.06

0.48

S5

0.07

0.25

0.43*

0.65-

0.82*

-0.38

-0.27

-0.22

-0.09

-0.18

Sl
2
3
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Panel B: Tests of joint significance of human capital betas
Rhc

Rhc

Rhc

BYS

B

Mman

P dist

Rhc
pserv

p go'U

Wald test statistic

43.93

35.45

46.05

65.86

91.47

48.02

p-value

(0.01) (0.08) (0.01) (0.00) (0.00) (0.00)

Ho: B ,= 0 for i - 1...., 25

Ho: m,1- I'- ™.25
Wald test statistic

39.60

p-value

(0.02) (0.07) (0.01) (0.00) (0.00) (0.00)

34.87

44.05

58.40

87.24

47.93
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Table 5.5: The nontradable assets model with industry human capital and comparison
with alternative models
This table evaluates different asset pricing models for monthly excess returns on 25 size - idiosyncratic risk sorted portfolios, from April 1959 to December 2005. Panel A presents tests of the
static CAPM and of the human capital CAPM that includes aggregate human capital, based on
the cross-sectional regression model:
E[rtr,i] = C0+Cmkt, mkt,i-1-Ct;S 9 ,i,
where rtr,i is the excess return on portfolio i, for i = 1. .., 25. Tmkt is the excess return on the
value-weighted CRSP index, r s is the excess return on aggregate human capital asset for the
US as a whole, estimated as in Jagannathan and Wang (1996) as the lagged growth rate in per
capita labor income in excess of the one month T-Bill rate. d mkt,i is calculated as the slope of
ohc
the OLS regression of rtr,i on a constant and Tmkt and PUS,i is calculated similarly, as the slope
regression
on
a constant and rt,s. Panel B reports the estimates of the
coefficient of an OLS
nontradable assets model with industry-specific human capital:

E[Ttnil = Co-·1-cmkti mkt,i+ E =l C:.Btl.
rkbc is the excess return on human capital from industry k, calculated as the lagged growth rate
in per capita labor income for that industry. K equals five and the five industries are: goods
producing (excluding manufacturing), manufacturing, distributive industries, service industries
and government. The betas are calculated as slope coefficients in univariate regressions including
a constant and rk*. Panel C reports the estimates of the conditional CAPM extended with
(industry-specific) human capital:

E[rtr,J - C0+C™ktB™kt,i+CpremBprem•itc:d'S/tfS,i + El=i Ct(:Bk:i.

Rfem,t-1 is the lagged yield difference between Moody's BAA and AAA rated corporate bonds.

Bprem,i is calculated as the slope of the OLS regression of 7'tr i on a constant and .Rpre™,t-1 ·

Panel D reports the results of the Fama and French (1993) three-factor model, extended with
(industry-specific) human capital:

E[rtr,i} = Co+Cmkt mkt.*+Cambi amb,i+Chmti hmt,i + 4 s S,i + Z -1 ctcdti,
where 8,mb,i and Bhmt.i are estimated similarly, as the slope coefficients with respect to the
Fama and French (1993) size and value factors SMB and HML. The cross-sectional regression
model is estimated using the Fama-MacBeth (1973) procedure. In the first stage, the betas are
estimated using multiple time series regressions over the full sample period. In the second stage,
in each month excess returns are regressed on the cross-section of betas. The table gives the
time series averages of the cross-sectional regression coefficients and the corresponding t-values.
The t-values have been adjusted for estimation error in the betas using the Jagannathan and
Wang (1996 and 1998a) adjustment. The table also reports the cross-sectional regression's OLS
adjusted 122 calculated as in Jagannathan and Wang (1996) and the GLS IP (in parentheses)

in percentages.
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Panel A: Static CAPM and human capital CAPM

Coeff.

Co C,nkt C.mb Chmt Cprem Clh; C ;is (tan (t CS. C:OV

6 (·102)

-0.84

1.40

t-val.

-3.45

4.14

143(R ts) 19% (5%)
8

(·102)

t-val.

-0.20

0.62

0.48

-0.89

2.17

3.29

Rits(R G) 27% (16%)
Panel B: The nontradable assets model with industry human capital
Coeff.

Csmb

Chml Cpr em

CO

Cmkt

8 (·102)

-0.33

-0.05

-3.11

1.11

-0.95

2.87

-0.22

t-val.

-2.10

-0.19

-7.89

3.53

-3.86

10.91

-1.23

Rfts (R 18)

85%

(40%)

Ct& 41 d:"*n Cd t Ctrv C:1

Panel C: Conditional CAPM with (industry-specific) human capital
Coeff.

2(·102)
t-val.

Cmkt

0.57

0.98

-4.73

1.90

6.30

Camb

Chmt

Cprem CM: 41 (tan C t (trv 41

CO

-1.32

Rits(R:ts) 55% (13%)
8(·102)
t-value

-1.48
-7.63

0.67

1.05

2.38

9.81

-0.10
-0.92

14'(Rjts) 53% (19%)
2(·102)
t-val.

-0.22

-0.56

0.32

-3.36

0.73

-0.37

2.73

-0.43

-1.39

-1.87

3.92

-8.90

2.53

-1.92

10.23

-2.57

R ,(Rjts) 85% (41%)
Panel D: Fama and French three-factor model with (industry-specific) human capital
Coeff.

Co Cmkt Camb Chmt Cpre™ Ct/S (<:1 Clan 4"t (:5rv 41

a (·102)

-0.39

0.32

0.87

0.39

t-val.

-2.28

0.82

4.09

1.69

gta(Rjts) 37% (13%)
2 (·102)

-0.11

-0.61

1.55

0.06

-0.51

t-val.

-0.72

-1.66

7.78

0.26

-5.10

I€t,(1 18) 36% (20%)
8

(·102)

t-val.

-0.27

-0.19

0.16

0.06

-3.16

1.16

-0.92

2.83

-0.38

-1.65

-0.50

0.87

0.23

-10.15

3.80

-4.34

11.07

-2.47

RJ,(Rjts) 83% (42%)
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Table 5.6: Robustness tests using size

-

idiosyncratic risk sorted portfolios

This table presents a number of robustness checks for the static CAPM, the human capital
CAPM with aggregate human capital (eq. (5.15)), the nontradable assets model with industry
human capital (eq. (5.10)), the conditional CAPM (eq. (5.16)) and the Fama and French (1993)
three-factor model (eq. (5.17)). Panel A reports the cross-sectional regressions for 24 size
- idiosyncratic risk sorted portfolios, excluding the small size - high IR portfolio. These are
unrestricted regressions. Panel B reports the results of restricted regressions for the 25 size-IR
portfolios, in which the intercept of the cross-sectional regression is set equal to zero. These
regressions are estimated using restricted least squares. Panels A and B the excess returns on
human capital Thc are estimated as in Jagannathan and Wang (1996) as the lagged growth rate
in per capita labor income in excess of the one month T-Bill rate ("JW timing "). Panel C
reports the results for the 25 size idiosyncratic risk portfolios when returns on human capital
are estimated as in Heaton and Lucas (2000) as the contemporaneous growth rate in per capita
labor income. This panel reports estimates of the human capital CAPM and the nontradable
assets model with industry human capital. The cross-sectional regression model is estimated
using the Fama-MacBeth (1973) procedure. The table gives estimates of the cross-sectional
regression coefficients and the corresponding t-values that are adjusted for estimation error in
the betas using the Jagannathan and Wang (1996 and 1998a) adjustment in Panels A and C. The
table also reports the cross-sectional regression's OLS adjusted R, calculated as in Jagannathan
and Wang (1996) and the GLS R' (in parentheses) in percentages.
-

Panel A: 24 size-IR portfolios, excl. small size- high IR portf (unrestr. regr., JW timing)
Co
Cmkt
Csmb Chmt Cprem
2 (·102)
-0.25
0.78

(:us 4, Cm„„ Cdist CS" 41

Coeff.

t-val.

-1.15

2.51

R ts(Rjls) 37% (17%)
2 (·102)

-0.09

0.57

0.14

t-val.

-0.37

2.00

1.10

RJ,(R,b) 39% (25%)
2 (·102)

-0.76

1.01

-0.62

0.80

-1.10

1.09

0.06

t-val.

-4.86

3.55

-1.77

2.67

-4.50

4.72

0.36

lt,(gl,) 74% (47%)
2 (·102)

-0.58

0.48

0.47

t-val.

-2.36

1.62

3.41

Rft,(R ts) 75% (40%)
8(·102)
t-val.
D2 / 82 1

-1.11

2.07

0.06

0.95

-6.95

5.78

0.29

4.14

"o,sc..qts, 56% (38%)
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Panel B: Restricted regressions: 4- 0 (25 size-IR portfolios, JW timing)
hc
hc
CO
Cmkt
Csmb Chmt Cprem .US
man C<Lt Cliv
Cgds
0

0.74

n.a.

5.56

rhe
Vgov

13%
0

0.43

0.52

n.a.

2.41

2.33

26%
0

-0.47

-3.44

0.81

-0.61

2.98

-0.21

n.a.

-1.79

-3.41

0.79

-1.45

5.59

-0.73

85%
0

-0.29

0.84

n.a.

-0.88

3.30

40%
0

-0.26

0.95

0.13

n.a.

-0.58

3.29

0.28

36%
Panel C: Contemporaneous timing (25 size-IR portfolios, unrestr. regr.)

Coeff. Co Cmkt Camb Chmt Cprem Ct'S C d, C",an Clit CS, C ou
8(·102)
t-val.

-0.64

1.01

0.17

-2.92

3.29

1.28

R13(141,) 16% (35%)
2 (·102)

t-val.

-0.96
-5.12

1.08

0.01

-1.95

-0.72

0.37

0.86

2.86

0.02

-4.23

-2.17

0.94

6.73

Rita(R:ta) 85% (52%)
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Table 5.7: Robustness tests using alternative sets of portfolio returns
This table tests the static CAPM, the human capital CAPM with aggregate human capital (eq.
(5.15)), the nontradable assets model with industry human capital (eq. (5.10)), the conditional
CAPM (eq. (5.16)) and the Fama and French (1993) three-factor model (eq. (5.17)) for
two alternative sets of portfolio returns. Panel A reports the estimates of the cross-sectional
regressions for 25 size - book to market equity portfolios and Panel B reports the results for
the combined set of 25 size- book to market portfolios and 30 industry equity portfolios. The
sample period runs from April 1959 to December 2005. Returns on human capital are estimated
as the lagged growth rate in per capita labor income. The cross-sectional regression model
is estimated using the Fama-MacBeth ( 1973) procedure. The table reports adjusted t-values
(Jagannathan and Wang 1996 and 1998a), the cross-sectional OLS adjusted IP and the GLS
R2 (in parentheses)

Panel A: Results for 25 size-BM portfolios
Coeff.

Co Cmkt C.mb chmt c.prem 62& 41 C an Cl,t Chc

seri

6 (·102)

1.31

-0.57

t-val.

3.71

-1.43

hc
C

gov

R ts(R,213) 10% (12%)
8

(·102)

t-val.

1.54

-0.80

0.19

4.61

-2.17

1.76

lt•(141,) 16% (12%)
8 (·102)

1.53

-0.73

1.10

-0.23

-0.54

-0.03

0.59

t-val.

4.87

-2.01

4.29

-0.90

-2.14

-0.13

3.49

Iets('R ts) 46% (22%)
2 (·102)

t-val.

1.30
3.68

-1.25

0.60

-3.32

4.06

Rjls(I ts) 56% (14%)
8

(·102)

t-val.

1.34

-0.81

0.46

0.35

4.59

-1.91

2.93

2.17

Iets(R t,) 73% (33%)
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Panel B: Results for 25 size-BM and 30 industry portfolios
gds C an Cd, t Csecrv cyl
CO (inkt Camb Chmt Cprem 45
0.83

-0.18

3.13

-0.57

1224(R24) -1% (2%)
2

(·102)

t-val.

0.87

-0.22

0.02

3.19

-0.69

0.32

Rl,(R:B) -3% (2%)
8(·102)
t-val.

0.84

-0.33

0.23

-0.08

-0.31

0.42

0.21

2.75

-0.92

1.26

-0.38

-1.82

2.14

2.06

.Rb.(R t.,) 9% (8%)
2 (·102)

0.82

-0.27

0.08

t-val.

3.06

-0.82

0.84

Rft.(R&13) -0% (3%)
8(·102)
t-val.

0.90

-0.33

0.30

0.25

3.51

-0.87

1.98

1.54

RJ,(R24) 27% (13%)

5.B. 'Ihbles and figures

211

Figure 5.1: Realized average returns versus fitted expected returns
Each scatterplot reports the realized full sample average portfolio excess returns against the
fitted expected excess portfolio returns (in percentages) for 25 size - idiosyncratic risk sorted
equity portfolios. The fitted value for the expected excess portfolio return E[r r] is based on the
estimates of five different models: the static CAPM, the human capital CAPM with aggregate
human capital (eq. (5.15)), the nontradable assets model with industry human capital (eq.
(5.10)), the conditional CAPM (eq. (5.16)) and the Fama and French (1993) three-factor model
(eq. (5.17)). The straight line is the 45 degrees line through the origin. The plots also report
the average absolute pricing error (a.a. p.e.). which is calculated as the average of the absolute
differences between the average realized excess returns and the fitted expected excess returns.
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Samenvatting (Dutch Summary)
Dit proefschrift bevat vier studies over onderwerpen binnen de financiele economie. Zoals
de titel reeds suggereert, bestaat het proefschrift uit twee delen. Decl aan richt zich op
internationale beleggingen (international jinance) en bevat drie hoofdstukken die gaan
over de wijze waarop internationale aandelenmarkten met elkaar samenhangen. Decl
twee bevat een hoofdstuk dat gaat over hoe het human capital van beleggers de verwachte
aandelenrendementen kan beinvloeden.

Al sinds het begin van de jaren 70 laten vele onderzocken binnen de international
finance literatuur zien dat beleggers aa zienlijke winsten kunnen behalen door internationaal te beleggen. De correlaties tussen internationale aandelenmarkten zijn imperfect

uit verschillende
volledige voordelen van internationale diversifiatie te

en als gevolg daarvan kan de belegger zijn risico spreiden door in aandelen

landen te beleggen. Echter, om de
behalen is het cruciaal om goed te begrijpen hoe de samenhang (correlaties) tussen de
verschillende aandelenmarkten is en door welke factoren deze samenhang wordt gedreven,

bijvoorbeeld geografische en industriele factoren en valutarisico.
In Hoofdstuk 2 van dit proefschrift wordt onderzocht hoe de samenhang tussen
verschillende internationale aandelenmarkten door de tijd verandert. Vele academische
studies laten zien dat de correlaties tussen internationale aandelenmarkten tijdsvarierend

zijn.Het is echter nog steeds een onderwerp van uitgebreid debat of deze correlaties een
opwaartse trend laten zien. Een gerelateerde belangrijke vraag is of internationale aandelenrendementen gedreven worden door globale factoren, regionale factoren (bijvoorbeeld
Europese factoren) of lokale factoren (specifiek voor het land zelf). Een aandelenmarkt
die voornamelijk gedreven wordt door wereldwijde factoren wordt beschouwd als een geYntegreerde markt. In Hoofdstuk 2 kijken we of er opwaartse trends zijn in de correlaties
tussen internationale aandelenmarkten en in de integratie van deze markten in de wereld-

ma.rkt. We ontwikkelen hiervoor nonparametrische maatstaven om tijdsvarierende correlaties en marktintegratie te meten. Deze maatstaven zijn eenvouding te berekenen en

zijn gebaseerd op cross-sectionele en tijdreeks data. Met behulp van enkel de dagelijkse
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aandelenrendementen binnen een bepaalde maand kan voor die maand de correlatie worden berekend tussen een groot aantal landen. We gebruiken deze methode om het totale

risico (de variantie) van het rendement op een aandelenindex van een bepaald land op te
splitsen in risico door wereldwijde factoren, risico door regionale factoren en risico door
factoren specifiek voor dat land. Marktintegratie wordt gemeten als de fractie van het
totale risico dat gedreven wordt door globale factoren. We gebruiken deze twee maatstaven van maandelijkse correlatie en integratie om de samenhang te meten tussen 24

ontwikkelde aandelenmarkten (developed markets) en 26 opkomende markten (emerying
markets) in de periode tussen 1973 en 2005.
De resultaten laten zien dat de samenhang tussen de developed markets gedurende

de afgelopen drie decennia significant is gestegen. We vinden opwaartse trends in maandelijkse correlaties tussen landen in Europa en Zuidoost Azie en we vinden ook opwaartse

trends in

de correlatics tussen de verschillende

ontwikkelde regio's. Tevens vinden we

dat door cen afname in land- en regio-specifiek risico en con toename in globaal risico de
ontwikkelde landen in Europa en in Zuidoost Azie in toenemende mate geyntegreerd zijn
in de wereldmarkt. In tegenstelling tot de developed markets is de samenhang tussen de
emerging markets niet gestegen. Voor de correlaties tussen de landen in Oost-Europa, de
opkomende markten in Azie en de landen in Latijns Amerika vinden we geen significante
opwaartse trends. De correlaties tussen de landen in het Midden-Oosten en Afrika laten

juist een neerwaartse trend zien. Ook vinden we geen trends in the correlaties tussen
de verschillende opkomende regio's. Emerging markets worden wel in toenemende mate
gedreven door globale factoren en steeds minder door regionale factoren. Echter, de invloed van lokale factoren blijft groot en daardoor laten onze resultaten geen opwaartse

trend in

de integratie van de emerging

markets in de wereldmarkt zien.

De stijging in correlaties tussen de aandelenrendementen in ontwikkelde landen heeft
een negatief effect op diversifcatiemogelijkheden voor internationale beleggings- strate-

gicen die gericht zijn op deze landen. Als gevolg hiervan kan een internationale beleggingsstrategie die gericht is op globale of regionale industricen aantrekkelijker worden.

Dit is de kern van het landen-industrieen debat dat al meer dan 30 jaar wordt gevoerd
binnen de international finance literatuur. In Hoofdstuk 3 kijken we naar de invloed
van landen en industrieen effecten op internationale aandelenrendementen. In tegenstelling tot de uitgebreide bestaande literatuur kijken we ook expliciet naar de rol van
valutarisico. We analyseren we de diversificatievoordelen van verschillende internationale
beleggingsstrategieen binnen de G7 landen over de afgelopen 30 jaar. Hierbij vergelijken
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we de voordelen van risicospreiding over verschillende landen versus risicospreiding over
verschillende wereldwijde industrieen . Ook voegen we valuta deposito's toe aan de in-

ternationale beleggingsportefeuilles. In dit hoofdstuk ontwikkelen we een nieuwe test
voor het verschil in de optimale verhouding tussen risico en rendement (Shame ratio)
van twee portefeuilles. Deze test stelt ons in staat om de eflicientie van verschillende
beleggingsstrategieen te kunnen vergelijken.
De resultaten laten zien dat als de belegger iedcre maand zijn portefeuillegewichten kan
aanpassen, een beleggingsstrategie gebaseerd op wereldwijde industrieen aantrekkelijker

is dan een strategie gebaseerd op verschillende landen. De maximale Sharpe ratio's van de
twee strategieen zijn dan 1.78 en 1.20 per jaar Echter, de superieure Sharpe ratio van de

dynamische industry-based beleggingsstrategic is afhankelijk van de mogelijkheid tot short

selling. Als een belegger geen short posities mag nemen, dan leveren de twee strategieen
vergelijkbare Sharpe ratio's op (0.80 versus 0.70). Een zeer opvallend resultaat is dat met
short-sales restricties de Sharpe ratio's bijna verdubbeld worden als de belegger ook valuta
deposito's in zijn beleggingsportefeuille opneemt. Bovendien laat een stijl analyse zien

dat stijl-portefeuilles met daarin valuta deposito's internationale portefeuille rendementen
substantieel beter kunnen repliceren. Deze resultaten suggereren dat valuta deposito's
cruciaal zijn om de volledige voordelen van internationale diversificatie strategieen te
behalen. De toegevoegde waarde van valuta deposito's in een aandelenportefeuille kan
gedreven worden door de positieve verwachte excess rendementen van valuta strategieen
en door de hedging voordelen van het combineren van aandelen en vreemde valuta. We

laten tevens zien dat deze toegevoegde waarde blijvend is: de voordelen van het toevoegen
van actieve valuta strategieon aan dynamische internationale aandelenportefeuilles zijn
substantieel, zowel in de meest recente jaren als in de afgelopen drie decennia.

Door de introductie van de Euro in 1999 en de monetaire en economische convergentie
tussen de Furo-landen, zijn de resultaten voor de G7 landen in Hoofdstuk 3 niet eenvouding te extrapoleren naar de Euro-landen. Met de introductie van de Euro is immers alle
valutarisico tussen de Euro-landen verdwenen. De Santis en Gerard (1998) laten zien dat,

behalve voor de Amerikaanse markt, een groot deel van de risicopremie voor aandelen
een compensatie is voor valutarisico. Als internationale aandelenmarkten verschillende
Crposures naar valutarisico hebben, kan dit leiden tot verschillende valutarisico premies

en uiteindelijk tot lagere correlaties tussen de rendementen in deze aandelenmarkten.
Omgekeerd kan het wegvallen van valutarisico tussen de Euro-landen een stijging in de
correlaties tussen de rendementen in deze markten tot gevolg hebben. In Hoofdstuk 4
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wordt de invloed van land- en industrie-specifieke factoren op internationale aandelenrendementen in de Eurc.zone onderzocht voor de periode van 1990 tot en met 2003. Net als
in Hoofdstuk 3 nemen we het perspectief van een internationale belegger.
We vinden dat beleggingsstrategieen die gebaseerd zijn op Euro-landen en Euro-zone
industrieen vergelijkbaar zijn in termen van risico-rendement efficientie en Sharpe ratio's.
Desalniettemin laten we opvallende veranderingen zien in de structuur van aandelenrendementen in de Euro-zone. In het begin van de jaren 90 hadden rendementen op
landenportefeuilles een hogere volatiliteit en een lagere correlatie dan rendementen op
industrieenportefeuilles. Echter, aan het eind van de jaren 90 en aan hot begin van de
21e ceuw is de situatie orngckeerd. Tevens vinden we dat na de introductic van de Euro

stijlportefeuilles gebaseerd op Euro-zone industrieen beter in staat zijn om landenportefeuilles te repliceren dan vice versa. Als gevolg hiervan is het risico van Euro-zone industrieenportefeuilles dat niet verklaard kan worden met behulp van landenportefeuilles
substantieel gestegen. Deze opvallende stijging in het idiosyncratisch risico van industrieonrendementen heeft een bijna verdubbeling van de voordelen van diversificatie over
alle Euro-zone industrieen ten opzichte van diversificatie binnen 6On Euro-zone industrie
tot gevolg gehad. Zelfs tussen sterk gerelateerde economieen zoals binnen de EMU blijven
de voordelen van internationale diversifiatie significant. Echter, internationale diversificatie binnen Mn Euro-zone industrie levert niet voldoende internationale diversificatie

voordelen: diversificatie over zowel landen als industrieen

blijft

essentieel.

In het eerste decl van dit proefschrift wordt gekeken naar optimale internationale
diversificatie strategieen. In het tweede decl wordt er vanuit een meer algemeen perspectief
gekeken naar optimale beleggingsstrategieen. In Hoofdstuk 5 wordt de invloed van het
human capital van beleggers op verwachte aandelenrendementen onderzocht. Volgens
de traditionele asset pricing theorie kiezen beleggers hun optimale portefeuillegewichten

door het verwachte nut over hun totale vermogen te optimaliseren. Naast investeringen
in verhandelbare vermogenstitels (zoals aandelen en obligaties) kan een deel van hun
vermogen bepaald worden door posities in niet-verhandelbare vermogenstitels. Een van
de belangrijkste niet-verhandelbare vermogenstitels die bijna elke belegger bezit, is human

capital. Als rendementen op human capital gecorreleerd zijn met aandelenrendementen,
kan het human capital van de beleggers hun aandelenportefeuilles beYnvloeden. Als gevolg
daarvan kan human capital effect hebben op verwachte aandelenrendementen, zoals in
verscheidene academische onderzoeken inderdaad wordt aangetoond.

Hoofdstuk

5

bekijkt vanuit

een nieuwe invalshoek hoe het niet-verhandelbare hu-
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man capital van beleggers de risicopremie voor aandelen beynvloedt. Allereerst wordt
er gekeken naar de relatie tussen human capital en de klaarblijkelijke premie voor het
idiosyncratisch risico van aandelen. Een aantal empirische papers laat zien dat het idiosyncratisch risico van aandelen een deel van de cross-sectionele variatie in verwachte rendementen kan verklaren. Dit suggereert een premie voor idiosyncratisch risico. Echter,

werkelijk idiosyncratisch risico zou niet geprijsd mocten zijn. Idiosyncratisch risico wordt
vaak gemeten ten opzichte van een model waarin human capital niet wordt meegenomen.
De invloed van human capital op de risicopremie van aandelen wordt niet door het model
bevat en eindigt in het residu, dat gebruikt wordt om idiosyncratisch risico te schatten.
Hoofdstuk 5 bevat zowel een theoretisch model als een empirische analyse die gebaseerd

is Op Amerikaanse data. De resultaten laten zien dat de cross-sectionele relatie tussen
verwachte aandelenrendementen en idiosyncratisch risico afhangt van de hedging demand

die ontstaat door het human capital van beleggers.
Naast de relatie tussen human capital en de premie voor idiosyncratisch risico, wordt
in dit hoofdstuk onderzocht wat de invloed is van industrie-specifiek human capital op
verwachte aandelenrendementen. Verscheidene academische artikelen voegen human cap-

ital toe aan een asset pricing model. Dit is vrijwel altijd het geaggregeerde rendement op
human capital, dat vaak gemeten wordt als de procentuele groei in totaal arbeidsinkomen
voor de V.S. (Jagannathan en Wang, 1996). Echter, human capital is belegger-specifiek
en is afhankelijk van onder andere de leeftijd van de belegger, zijn opleiding, beroep, of de
industrie waarin hij werkt. Verschillen in human capital kunnen leiden tot verschillen in
de hedging demand voor aandelen. Bijvoorbeeld, een belegger die werkt in de IT sector

indien hij niet al zijn aandelen in de IT sector koopt en dus het
gewicht van IT aandelen in zijn beleggingsportefeuille terugbrengt. In theorie wordt de
is misschien beter af

risicopremie voor aandelen beynvloed door de exposure naar het geaggregeerde rendement
op alle niet-verhandelbare vermogenstitels. Echter, het is erg moeilijk om het rendement
op geaggregeerd human capital nauwkeurig te schatten. Om deze reden wordt in Hoofd-

stuk 5 het rendement op human capital voor verschillende industrieen apart meegenomen
in een asset pricing model, om zo de totale invloed van human capital op de risicopremie
beter te kunnen schatten. Het totale arbeidsinkomen in de V.S. wordt opgesplitst in

arbeidsinkomen voor vijf verschillende industrieen. Rendementen op industrie-specifiek
human capital worden gemeten als de procentuele groei in het arbeidsinkomen in die industrie. De resultaten laten zien dat de capaciteit van een asset pricing model om de
cross-sectie van aandelenrendementen te verklaren aanmerkelijk wordt verbeterd als het
model industrie-specifiek human capital in plaats van geaggregeerd human capital bevat.
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De absolute gemiddelde pricing error wordt bijna gehalveerd en de cross-sectionele OLS
R en GLS R2 zij n substantieel hoger. Dit suggereert dat industrie-specifiek human cap-

ital

een belangrijke invloed heeft op het systematisch risico van aandelenrendementen en

dat het meegenomen zou moeten worden in een asset pricing model.
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