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Abstract

This research addresses whether geographic diversification provides benefits over industry diversification in
the Eurozone. Our contribution is to show that in the absence of constraints, no empirical evidence is found to
support the argument that geographic diversification dominates industry diversification, except in the euro
subperiod. With short-selling constraints, however, the tangency portfolio of geographic diversification is not
attainable by industry diversification. In out-of-sample geographic minimum variance portfolios outperform
industry portfolios in economic terms, although we cannot establish statistical significance.
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1. Introduction

The goal of this paper is to examine the performance of geographic and industry allocation in
the Eurozone. Many professionals and researchers assumed the advent of the Euro will decrease
the dominance of geographic diversification. We evaluate this view using a new approach that
allows us direct comparison of the diversification strategies from a pure performance perspective.

The traditional choice of geographic diversification has come into question from two direc-
tions. First, events such as the deregulation of markets or the elimination of international barriers
to capital movements are considered as catalysts of market integration that may, therefore, affect
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the dominance of country factors. The prime example is the European Monetary Union or EMU.
It is often argued that country-specific policy shocks will be dampened down as a result of a single
monetary policy and coordinated fiscal policies constrained by the Stability and Growth Pact.
Also Carrieri et al. (2004) demonstrate empirically that country integration does not rule out
industry segmentation. Therefore, according to the market integration perception, the advent of
the Euromarks the end of the geographic diversification success story and the start of the industry
diversification dominance.

Second, a number of empirical studies have foundmixed results as to country and industry effects
in equity returns. Some of these studies provide evidence that industry factors are already more
important than country factors (Cavaglia et al., 2000; Galati and Tsatsaronis, 2001). The results of
others suggest only that industry effects are becoming increasingly important while countries are
losing explanatory power (Baca et al., 2000; Brooks and Del Negro, 2004a; Isakov and Sonney,
2004). Most of the literature relies on the Heston and Rouwenhorst (1994) methodology1, which
itself has come under criticism because of the severe restrictions on the underlying factor model (see
Brooks and Del Negro, 2004b). In a new approach, Carrieri et al. (2005) demonstrate that changes in
the benefits of geographic and industry allocation indicate changes on the real economy side. Hence,
any EMU impact on the benefits of geographic versus industry diversification should be reflected in
our tests.

We use a mean-variance efficiency test proposed by Basak et al. (2002) (hereafter BJS (2002)) to
address the performance of both diversification strategies. The test measures the difference between
the variance of a benchmark, for instance tangency and minimum variance portfolios, and a mi-
micking portfolio of the corresponding diversification strategy with identical returns. Our approach
allows us direct comparison of the two diversification strategies without relying on unobservable
country or industry factors. It is also possible to compare either strategy with any other benchmark of
interest. Further, the test is flexible enough to incorporate short sale constraints or bounds on portfolio
positions, which are not analyzed in the literature. Finally, block-bootstrapping the p-values show that
the BJS (2002) test is robust in small samples and never reverses our conclusions.

We find unconstrained geographic and industry diversification at the tangency portfolios to be
statistically equivalent. However, the signs of the BJS (2002) test indicate that the industry
efficient frontier dominates the country frontier. These results are reinforced at the corresponding
minimum variance portfolios. Interestingly, it is the very last subperiod associated with the advent
of the Euro currency where the country frontier lies outside of the industry frontier. Thus, in the
case of unconstrained diversification, we find, contrary to the market integration perception, only
in the euro subperiod empirical evidence to support the argument that geographic diversification
outperforms industry diversification.

Introducing short-selling constraints shrinks the industry frontier dramatically2. In particular,
industry portfolios cannot attain the country tangency portfolio return. Nevertheless, the tiny
industry frontier lies partially again outside of the country frontier and significantly so. This small
part of the industry frontier includes both the tangency and the minimum variance portfolio. That
is, the industry efficient frontier lies almost entirely inside the country frontier, spans a much
1 See also Errunza and Padmanablan (1988), Grinold et al. (1989), Beckers et al. (1992), Drummen and Zimmermann
(1992), Roll (1992), Arshanapalli et al. (1997), Griffin and Karolyi (1998), Rouwenhorst (1999) and Heckman et al.
(1998).
2 Gerard et al. (2002) and Eiling et al. (2005) use a variant of mean-variance spanning tests to addresses the relative

performance of geographic and industry Sharpe ratios. Their results are overall consistent with our conclusions. They
argue that without short sales restrictions, country and industry diversification are a redundant strategy relative to one
another. Additionally, their industry portfolios are also more affected by short sales constraints than country portfolios.
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smaller range of returns, but “peaks” outside of the country frontier. Again the euro subperiod is
distinct from the full sample as well as other subsamples. Now, however, the country efficient
frontier is more affected by the short-selling constraint and, hence, spans a smaller range of
returns than the industry frontier.

An explanation for the underperformance of country allocation in the absence of constraints is
that industry indexes are more exposed to the dominant single factor (the EMU index) in equity
returns than country indexes. This suggests, according to Green and Hollifield (1992), that industry
portfolios are better suited than country portfolios to eliminate factor risk. It also implies that industry
diversification must be affected to a much greater extent than geographic diversification when short-
selling constraints are imposed. In the euro subperiod the exposure of the country and industry
indexes to the EMU factor is reversed.

As for comparison with other benchmarks, the efficiency of a passive diversification strategy like
the EMU index is always rejected. In other words, both geographic and industry diversification have
a significantly lower standard deviation than the EMU index3. A simultaneous cross-country and
cross-industry diversification based on the ten Datastream level three sector indexes within each of
the eleven EMU countries, up to 110 indexes, clearly outperforms both industry and geographic
diversification in an unconstrained or constrained optimization.

Additional results based on block-bootstrapping or on subsample analysis suggest that it is
very difficult to discriminate between geographic diversification and industry diversification.
This paper proceeds as follows: in Section 2, we present the data and the BJS (2002) test. Section
3 reports the empirical results. Section 4 contains an extensive robustness analysis. Concluding
remarks follow in Section 5. Finally, we describe our block-bootstrap analysis in Appendix A.

2. Data and methodology

2.1. Data

We use Datastream country and sector indexes for the eleven EMU constituents: Austria,
Belgium, Finland, France, Germany, Greece, Ireland, Italy, The Netherlands, Portugal, and Spain.
The data provided by Datastream include weekly US dollar-denominated returns from January
12, 1990 to July 29, 2005 (representing 812 observations)4.

The sample is divided into different subperiods not only to capture time patterns but also to
incorporate effects attributable to actions of the new monetary authority. The subperiods are
labeled pre-convergence, convergence, and euro. The starting date of the convergence subperiod
is associated with the signing of the Maastricht treaty, and the end of the subperiod (December 31,
1998) is associated with the fixing of the conversion rates.

We focus the analysis on level three of the Datastream sector classification, which represents
ten sectors per country: Basic Industries, Cyclical Goods, Cyclical Services, Financials, General
Industries, Information Technology, Non-cyclical Consumer Goods, Non-cyclical Consumer
Services, Resources, and Utilities. Using this industry classification, we compute ten industry
indexes by building market value-weighted indexes, e.g. we aggregate the industry indexes across
the eleven EMU countries.
3 This is, of course, not surprising since both diversification strategies essentially eliminate the EMU factor risk.
4 The starting date of our sample is motivated by data availability for all EMU participants and freedom of capital

movements. The movement toward full liberalization of capital movements in Europe starts only in the late 1970s and
early 1980s. Complete freedom of capital movements was attained only in the late 1980s (Bakker, 1996).
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We also employ the 110 industry indexes, ten sectors across each of the eleven countries,
without aggregating them across countries. This portfolio strategy at a lower level of index
aggregation represents a simultaneous cross-country and cross-industry diversification. We call
this portfolio strategy “country–industry” diversification. But we limit these country–industry
indexes to the indexes that have observations over the full period (subperiods). Finally, we form
an EMU market portfolio constructed from the Datastream country or our industry indexes.

2.2. Methodology

We measure the mean-variance efficiency of a diversification strategy using the Basak et al.
(2002) test. Consider the existence of a benchmark asset or portfolio with return r and assume
well-defined first two moments, E(rt)=β and Var(rt)=ν, for t∈ [0, T]. The matrix R contains the
returns of a set of primitive assets or portfolios with expected return E(Rt)=μ and covariance
matrix Cov(Rt)=

P
. Mimicking portfolios are constructed from the primitive assets.

Let w denote the vector of portfolio weights of the primitive assets in the mimicking portfolio
and 1̄ represents a vector of ones. A mimicking portfolio with expected return equal to the
benchmark can be obtained from the following unconstrained optimization problem:

min
w

w V
P

w−m
s:t: w V̄1 ¼ 1
w Vl ¼ b:

ð1Þ

The return of the mimicking portfolio rt
β equals, if it exists, by construction the return on the

benchmark asset E(rt
β)=β and its variance is Var(rt

β). The measure of efficiency of the mimicking
portfolio with respect to the benchmark is defined as λ=Var(rt

β)−ν. Whenever λ is positive, the
mimicking portfolio has a higher variance than the benchmark, and therefore it is mean-variance
inefficient. Conversely, a negative value implies that themimicking portfolio ismean-variance efficient.

BJS (2002) show that the test statistic under the null hypothesis λ0=0 takes the form

n ¼ T1=2ðk−k0Þ
kr

¼ T1=2k
kr

ð2Þ
where λ is the sample measure of efficiency, λσ denotes the standard deviation of the measure of
efficiency, and T is the sample size. The test statistic is standard normally distributed for large T.

A major strength of this approach is that one can easily incorporate common constraints faced
by investors and portfolio managers and that represent important obstacles in the overall
allocation decision. In particular, we consider the following optimization problem with short-
selling constraints5:

min
w

w V
P

w−m
s:t: w V̄1 ¼ 1
w Vl ¼ b
wz0:

ð3Þ

Now the measure of efficiency for both problems is the value of the Lagrangian L:

k ¼ L ¼ w V
X

w−mþ d1ðw V̄1−1Þ þ d2ðw Vl−bÞ−d3Vw ð4Þ
where δ1, δ2, and δ3 represent Lagrange multipliers. The multiplier δ3 is active only for the
problem in (3).
5 The BJS (2002) test can also be performed with lower and upper bounds on portfolio weights, i.e., l≤w≤u.
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We perform the following steps to test the efficiency of geographic and industry diver-
sification. First, we solve for the unconstrained as well as the constrained tangency and minimum
variance portfolios for country and industry diversification in order to construct benchmark
portfolios. Second, we solve for each of the benchmarks the problems in (1) and (3) by way of
utilizing the rival strategy as mimicking portfolio. For example, when the country tangency
portfolio constitutes the benchmark, then the industry indexes form the mimicking portfolio, and
conversely when the industry tangency constitutes the benchmark. Third, we perform the BJS
(2002) test to infer the mean-variance efficiency of diversification strategies.

Investors, of course, are not just limited to geographic or industry diversification. Therefore, we
would like to examine the efficiency of geographic and industry diversification against other
investment strategies. First, we consider an active diversification strategy at a lower level of index
aggregation: country–industry indexes. Again these country–industry indexes are respectively the
ten industry indexes within each of the countries. Second, we address the efficiency of a passive
strategy such as the market portfolio relative to geographic and industry diversification. Our market
index is a value-weighted index constructed from the Datastream country or our industry indexes.

To sum up: aside from the four country or industry motivated benchmarks (country tangency
portfolio, country minimum variance portfolio, industry tangency portfolio, and industry
minimum variance portfolio) we also consider the country–industry tangency portfolio, the
country–industry minimum variance portfolio, and the EMU market portfolio as benchmark
portfolios. Mimicking portfolios are always constructed either from industry or country indexes.

Portfolio efficiency with constraints is also analyzed in Kandel et al. (1995), Wang (1998), and
Li et al. (2003). As for spanning tests (Huberman and Kandel, 1987) our approach focuses on
mean-variance efficiency, but the BJS (2002) test provides a major advantage over the traditional
spanning test as we can test directly one strategy against the other6. Notice that our comparison of
country and industry indexes with country–industry indexes (ten indexes against say 110 indexes)
based on the BJS (2002) test can be interpreted as an informal spanning test.

Finally, to assess the small-sample properties of the BJS (2002) test, we introduce an estimation-
based block-bootstrap BJS test. The bootstrap data is then employed to evaluate the importance of
estimation error in portfolioweights aswell as to address the out-of-sample performance of geographic
and industry diversification. The block-bootstrap simulations are described in detail in the appendix.

3. Empirical results

3.1. Descriptive statistics

Table 1, Panel A, reports basic descriptive statistics for the eleven country index returns and
their averages in this study. In Panel B we report the ten industry indexes and the average of the
ten industries. We notice that the average annualized country index return, 6.75%, is slightly
higher than the industry average, 6.14%. The average standard deviation of countries, 20.68%, is
also higher than the average standard deviation of industry indexes, 19.57%.

Table 1 also shows average correlations for our country Corr(C) and industry indexes Corr(I).
We exclude the correlation of each index with itself from Corr(C) and Corr(I). Average
6 The spanning test sets, by construction, the benchmark as a combination of geographic and industry diversification.
This is, however, an implausible diversification strategy since each single stock shows, then, up once in a country
portfolio and a second time in an industry portfolio. See also the Gerard et al. (2002) mean-variance spanning test which
helps to circumvent this problem.



Table 1
Descriptive statistics of country and industry indexes

Mean Stdv. Corr(C) Corr(I)

Panel A: country indexes
Austria 1.71% 18.42% 0.47 0.38
Belgium 5.58% 16.81% 0.58 0.48
Finland 11.12% 30.58% 0.42 0.51
France 6.31% 17.88% 0.63 0.54
Germany 4.17% 19.23% 0.65 0.54
Greece 14.02% 30.59% 0.38 0.63
Ireland 8.68% 18.64% 0.51 0.65
Italy 4.61% 21.24% 0.54 0.69
Netherlands 6.74% 17.02% 0.63 0.74
Portugal 3.12% 18.13% 0.52 0.76
Spain 8.16% 18.97% 0.61 0.76
Average 6.75% 20.68% 0.54 0.61

Panel B: industry indexes
Basic industries 4.34% 17.45% 0.66 0.71
Cyclical consumer goods 3.22% 20.31% 0.63 0.68
Cyclical services 4.69% 17.49% 0.68 0.72
Financials 4.75% 18.53% 0.70 0.73
General industries 4.13% 19.27% 0.67 0.73
Information technology 7.43% 31.73% 0.54 0.55
Non-cyclical consumer goods 8.01% 15.12% 0.58 0.63
Non-cyclical services 7.49% 21.69% 0.59 0.61
Resources 8.93% 19.27% 0.44 0.49
Utilities 8.44% 14.87% 0.57 0.59
Average 6.14% 19.57% 0.61 0.64

This table reports the following basic descriptive statistics for the index returns in this study: annualized mean (Mean),
annualized standard deviation (Stdv.), and average correlations (Corr(C) and Corr(I)). Panel A contains the eleven EMU
country indexes and the average of the eleven countries. In Panel B we report the ten industry indexes and the average of
the ten industries. The continuously compounded weekly returns are calculated in US dollar for the period January 12,
1990 until July 29, 2005, with a sample size of 812 observations. Corr(C) and Corr(I) denote the average Pearson
correlation of each index with the eleven country indexes and the ten industry indexes respectively. The correlation of each
index with itself is excluded from Corr(C) and Corr(I). Industry indexes are computed by building market value-weighted
indexes based on Datastream level three sector classification. Source: Datastream and own calculations.
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correlations within countries, 0.54, tend to be lower than average correlations between countries
and industries, 0.61. Furthermore, we note that average correlations for industries are higher, 0.64,
than the average correlation of an industry with countries, 0.61. Also country indexes, 0.54, are on
average much less correlated than industry indexes, 0.64.

Both pieces of evidence, the higher average return and the lower average correlation of country
indexes, suggest that country diversification should outperform industry diversification.

3.2. Geographic versus industry diversification under unconstrained maximization

Now we apply the BJS (2002) test to solve the problem in (1) where geographic and industry
diversification are used in turn as benchmarks and tested against the opposite strategy.

The annualized means and standard deviations of the benchmark portfolios (tangency portfolios
andminimumvariance portfolios) for each diversification strategy (country indexes, industry indexes,
and country–industry indexes) are shown in Table 2. Unconstrained benchmark portfolio strategies



Table 2
Mean and standard deviation of benchmark portfolios: tangency and minimum variance portfolios

Sample Pre-convergence Convergence Euro

1990–2005 1990–1994 1995–1998 1999–2005

Mean Stdv. Mean Stdv. Mean Stdv. Mean Stdv.

Panel A: benchmark portfolios without constraints
Tangency portfolios

Countries 21.33% 28.17% 44.53% 41.42% 74.17% 31.36% 49.08% 41.46%
Industries 14.11% 17.18% 64.14% 39.43% 59.89% 22.81% 33.74% 39.33%
C–I indexes 50.38% 24.37% 117.36% 24.66% 85.10% 11.87% 202.68% 48.54%

Minimum variance portfolios
Countries 5.16% 13.86% 3.89% 12.24% 10.91% 12.03% 4.88% 13.08%
Industries 8.45% 13.30% 5.96% 12.02% 14.86% 11.36% 4.03% 13.59%
C–I indexes 9.94% 10.83% 7.20% 6.11% 20.78% 5.87% 7.55% 9.37%

Panel B: benchmark portfolios with short-selling constraints
Tangency portfolios

Countries 10.45% 17.89% 8.67% 15.99% 23.77% 13.71% 6.14% 14.42%
Industries 8.42% 13.70% 6.10% 13.81% 24.47% 14.02% 8.58% 19.12%
C–I indexes 13.36% 13.90% 22.88% 14.38% 35.88% 11.21% 18.88% 13.64%

Minimum variance portfolios
Countries 4.89% 14.19% 3.65% 12.52% 15.05% 12.65% 3.43% 13.50%
Industries 8.01% 13.59% 5.05% 12.81% 17.68% 12.22% 2.60% 14.19%
C–I indexes 8.37% 11.81% 4.68% 7.82% 15.08% 7.74% 6.60% 11.13%

Panel C: market index
EMU market index 5.99% 16.40% 0.14% 14.94% 18.58% 14.85% 2.80% 18.21%

The table reports annualized mean (Mean) and annualized standard deviation (Stdv.) of tangency and minimum variance
portfolios for country, industry and country–industry (C–I) indexes. Panel A contains unconstrained portfolios. Panel B
contains portfolios with short-selling constraints. Panel C reports the descriptive statistics for a market value-weighted
index of the sample countries. Country–industry indexes (CI indexes) are respectively the ten Datastream level three sector
indexes within each of the eleven EMU countries. C–I indexes represent a simultaneous cross-country and cross-industry
diversification strategy. The subperiods pre-convergence, convergence, and euro include 260, 208, and 344 observations
respectively. Source: Datastream and own calculations.
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are reported in Panel Awhile benchmark portfolios with no short sales constraints are shown in Panel
B. Table 2, Panel C, contains also the corresponding data on the EMU market index.

Again a naive view on the annualized mean returns of the tangency portfolios suggests that
countries should outperform industries. This is because tangency returns over the full sample
period and in the convergence and euro subperiods for unconstrained portfolios and over the full
sample period and the pre-convergence subperiod for no short sales portfolios are higher than the
corresponding industry tangency return. The picture for minimum variance portfolios is just the
opposite: only in the euro subperiod, for both constrained and unconstrained portfolios, the
country return is higher than the industry return. Here we can already see that it is important to test
for differences in the portfolios since the level of returns contain insufficient information to
unambiguously rank the diversification strategies. On top of that, even if it appears that country
tangency portfolio returns are higher it does not necessarily mean that the country efficient
frontier lies outside of the industry frontier.

Fig. 1 highlights exactly the aforementioned issues. The figure shows the unconstrained
country, the industry, and the country–industry unconstrained efficient frontier for the full sample.
As expected, the industry frontier lies for the largest part of the spanned returns inside of the



Fig. 1. Unconstrained mean variance frontiers. This figure displays the unconstrained mean variance frontiers of geographic,
industry and cross-country and cross-industry (country–industry) diversification. Industry indexes are computed by building
market value-weighted indexes based on Datastream level three sector classification. Returns and standard deviations are
annualized. The sample period is 1990–2005. Source: Datastream and own calculations.
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country frontier. However, the country and industry frontiers cross two times such that the
relevant part of the industry frontier, between the minimum variance portfolio and the tangency
portfolio, lies outside of the country frontier. This justifies the usefulness of employing a test
rather than to rely on unobservable country and industry factors or just on correlations.

Tables 3 and 4 present the BJS (2002) test results. Because the sign of the test statistic is
identical to the sign of the measure of efficiency, λ, we do not report λ. Again a positive sign
implies that the benchmark strategy is mean-variance efficient, and, a negative sign implies that it
is mean-variance inefficient7.

In Table 3, Panel A, the benchmark strategy is geographic diversification, while industry indexes
represent the mimicking assets. The test statistic for the tangency portfolio is slightly negative, but
insignificantly so, suggesting that the industry frontier lies outside of the country frontier. At the
minimum variance portfolio we find that the country return is so low, compared to industry, that the
corresponding point on the industry frontier lies below the industry minimum variance portfolio8.

In Panel B, industry diversification represents the benchmark, and countries play the role of the
mimicking portfolio. Both test statistics for the tangency portfolio and the minimum variance
portfolio on the industry frontier are positive, although only the test at the minimum variance
portfolio shows statistical significance9 at the 10% confidence level. Therefore, we cannot reject
the null that diversification strategies, country and industry, exhibit identical variance around their
9 Note that a negative sign in Panel A does not necessarily imply a positive sign in Panel B, and vice-versa. This is
because the tangency portfolios or the minimum variance portfolios show different mean returns, so the frontiers can, in
principle, cross.

7 We employ the p-values from the Normal distribution to indicate significant test statistics since the block-bootstrap
experiments never reverse our conclusions.
8 In the tables we mark tests with a (b) when the mimicking portfolio is below the minimum variance portfolio of the

mimicking strategy and do not report test statistics since we can find another portfolio with identical risk but higher
return.



Table 3
Efficiency test for geographic and industry diversification

Sample Pre-convergence Convergence Euro

1990–2005 1990–1994 1995–1998 1999–2005

Panel A: benchmark: countries, mimicking portfolio: industries
Tangency portfolios −0.00 −2.21** −0.87 0.81
Minimum variance portfolios (b) (b) (b) 0.94

Panel B: benchmark: industries, mimicking portfolio: countries
Tangency portfolios 0.77 1.09 0.87 −1.58
Minimum variance portfolios 1.89* 0.46 0.97 (b)

Panel C: benchmark: C–I indexes, mimicking portfolio: countries
Tangency portfolios 2.23** 2.15** 3.82*** 2.68***
Minimum variance portfolios 2.26** 4.70*** 4.26*** 4.61***

Panel D: benchmark: C–I indexes, mimicking portfolio: industries
Tangency portfolios 1.80* 3.13*** 1.59*** 2.00**
Minimum variance portfolios 2.42** 7.54*** 6.03*** 3.42***

Panel E: benchmark: market index, mimicking portfolio: countries
EMU market index − 5.91*** −2.95*** −3.29*** (b)

Panel F: benchmark: market index, mimicking portfolio: industries
EMU market index (b) −3.43*** −2.78*** (b)

The table presents the test statistics of the BJS (2002) efficiency test. The standard normally distributed test measures the
difference between the variance of a benchmark and a mimicking portfolio with identical returns. The sign of the test
should be interpreted as follows: a positive value implies that the mimicking portfolio is mean-variance inefficient. A
negative value implies that the mimicking portfolio is mean-variance efficient. In Panel A country indexes form the
tangency portfolio and the minimum variance portfolio and industry indexes represent the mimicking portfolios. In Panel
B industry indexes form the tangency portfolio and the minimum variance portfolio and country indexes represent the
mimicking portfolios. In Panel C country–industry indexes (C–I indexes) form the tangency portfolio and the minimum
variance portfolio and country indexes represent the mimicking portfolios. In Panel D country–industry indexes (C–I
indexes) form the tangency portfolio and the minimum variance portfolio and industry indexes represent the mimicking
portfolios. In Panel E the EMUmarket index represents the benchmark and country indexes form the mimicking portfolios.
In Panel F the EMU market index represents the benchmark and industry indexes form the mimicking portfolios. Source:
Datastream and own calculations. Superscripts **, **, *** denote statistical significance at 10%, 5%, and 1% levels
respectively. (a) indicates that the test is not feasible because the mimicking portfolio cannot attain the benchmark return.
(b) indicates that the mimicking portfolio is an inefficient portfolio.
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respective tangency portfolios but do so at the minimum variance portfolio. Also notice that the
relevant part of the industry frontier, between minimum variance portfolio and tangency portfolio,
lies entirely outside of the country frontier.

Gerard et al. (2002) also find that geographic diversification and industry diversification are
always redundant strategies relative to each other using a spanning methodology. In a follow up
paper Eiling et al. (2005) come to the same conclusion. Notice that results in both papers are based
on Sharpe ratios and do not address minimum variance portfolios.

The results for the pre-convergence and the convergence subperiod reinforce our overall
findings. Test statistics, in Table 3, Panels A and B, for geographic diversification are negative, at
the tangency portfolio, or so low, at the minimum variance portfolio, that the corresponding point
on the industry frontier is inefficient. In the pre-convergence subperiod the negative test statistics
for the country tangency portfolio is even significant at the 5% confidence level. Again, the test



Table 4
Efficiency tests for geographic and industry diversification with short-selling constraints

Sample Pre-convergence Convergence Euro

1990–2005 1990–1994 1995–1998 1999–2005

Panel A: benchmark: countries, mimicking portfolio: industries
Tangency portfolios (a) (a) −0.04 0.50
Minimum variance portfolios (b) (b) (b) 1.07

Panel B: benchmark: industries, mimicking portfolio: countries
Tangency portfolios 1.85* −0.96 0.08 (a)
Minimum variance portfolios 2.12** −0.50 0.78 (b)

Panel C: benchmark: C–I indexes, mimicking portfolio: countries
Tangency portfolios 0.54 (a) (a) (a)
Minimum variance portfolios 1.79* 4.96*** 3.93*** (a)

Panel D: benchmark: C–I indexes, mimicking portfolio: industries
Tangency portfolios (a) (a) (a) (a)
Minimum variance portfolios 0.84 5.66*** 5.17*** 1.68*

Panel E: benchmark: market index, mimicking portfolio: countries
EMU market index −5.31*** −2.74*** −3.60*** −5.18***

Panel F: benchmark: market index, mimicking portfolio: industries
EMU market index (b) −2.25** −2.86*** (b)

The table presents the test statistics of the BJS (2002) efficiency test with short-selling constraints. The standard normally
distributed test measures the difference between the variance of a benchmark and a mimicking portfolio with identical
returns. The sign of the test should be interpreted as follows: a positive value implies that the mimicking portfolio is mean-
variance inefficient. A negative value implies that the mimicking portfolio is mean-variance efficient. In Panel A country
indexes form the tangency portfolio and the minimum variance portfolio and industry indexes represent the mimicking
portfolios. In Panel B industry indexes form the tangency portfolio and the minimum variance portfolio and country
indexes represent the mimicking portfolios. In Panel C country–industry indexes (C–I indexes) form the tangency
portfolio and the minimum variance portfolio and country indexes represent the mimicking portfolios. In Panel D country–
industry indexes (C–I indexes) form the tangency portfolio and the minimum variance portfolio and industry indexes
represent the mimicking portfolios. In Panel E the EMU market index represents the benchmark and country indexes form
the mimicking portfolios. In Panel F the EMU market index represents the benchmark and industry indexes form the
mimicking portfolios. Source: Datastream and own calculations. Superscripts *, **, *** denote statistical significance at
10%, 5%, and 1% levels respectively. (a) indicates that the test is not feasible because the mimicking portfolio cannot attain
the benchmark return. (b) indicates that the mimicking portfolio is an inefficient portfolio.
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statistics with industry diversification as the benchmark, both in the pre-convergence and the
convergence subperiod, provide supportive evidence for the fact that the industry frontier lies
outside the country frontier in the mean-variance space. However, none of the positive test
statistics comes even close to be significant.

Interestingly, this picture is reversed for the euro subperiod. That is, when country indexes
form the benchmark both tests at the tangency and the minimum variance portfolio show positive
but insignificant statistics. The opposite is true when industry portfolios represent the benchmark.
Again we do not obtain statistically significant results although the industry minimum variance
portfolio exhibits so low returns that the corresponding portfolio on the country frontier is mean-
variance inefficient.

Next we analyze country–industry diversification. We find, in Table 3, Panels C and D, for both
country and industry diversification as mimicking strategy that the test statistics are always positive
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and statistically significant at least at the 10% confidence level. In other words, a diversification
strategy based on country–industry indexes clearly outperforms geographic as well as industry
diversification.

The same result, obtained by comparing Sharpe ratios, leads Adjaouté and Danthine (2002) to
speculate on whether cost structure or a behavioral explanation is more appropriate to explain the
fact that portfolio managers have favored the geographic diversification model.

Lastly, we address the efficiency of a passive strategy such as the EMUmarket portfolio relative to
geographic and industry diversification.Our EMUmarket index is a value-weighted index constructed
from the Datastream country or industry indexes. The mean and standard deviation of the EMU index
are reported in Table 2. The test results in Table 3, Panels E and F, suggest that either strategy
outperforms the EMU index. That is, all reported test statistics are both negative and significant at the
1% confidence level. Again some of the mimicking portfolios, for example industries over the full
sample period, are mean-variance inefficient, e.g. lie below the minimum variance portfolio.

3.3. Geographic versus industry diversification with short-selling constraints

Most portfolio managers face short-selling constraints, but standard mean-variance analysis
does not take into account these constraints on the performance of strategies. To ascertain the
impact of short-selling constraints, we test constrained country and industry diversification
against the opposite strategy and against other benchmarks.

As above we begin comparing the diversification strategies over the full sample by plotting the
frontiers, see Fig. 2. Short-selling constraints shrink the industry frontier dramatically. Nevertheless,
the tiny industry frontier lies again partially outside of the country frontier. This small part of the
industry frontier includes both the tangency and the minimum variance portfolio. That is, the
industry efficient frontier spans a smaller range of returns, but “peaks” outside of the country frontier.

The test results for the problem in (3) are presented in Table 4. As already suggested byFig. 2, over
the full sample the return of the country tangency portfolio is not attainable by industry allocation10,
see Panel A. We do not report test statistic for the minimum variance portfolio since the portfolio of
the mimicking assets is mean-variance inefficient. Panel B shows the results when industry
diversification serves as the benchmark. Test statistics for both the tangency and the minimum
variance portfolio are positive and significant at the 10% level and 5% level, respectively. Notice that
this is not a contradictory result. The country indexes generate a significantly broader frontier than the
industry indexes. That is, the industry tangency and minimum variance portfolios show almost
identical mean returns, 8.42% and 8.01%, while the country mean return for the tangency portfolio is
more than 100% higher than the return of the country minimum variance portfolio, that is, 10.45%
versus 4.89%. In other words introducing short-selling constraints shrinks the efficient locus of
industry diversification, while country diversification is affected to a much lesser extent. Never-
theless, a small part of the industry frontier lies outside of the country frontier and significantly so.
The last point suggests that the BJS (2002) test is not lacking power to reject the null hypothesis.

Gerard et al. (2002) find that under short sales restrictions geographic diversification domi-
nates industry diversification. Again their findings are consistent with our results.

The results for the subperiods are mixed and change over time. When country diversification is
the benchmark, Panel A, we find for the pre-convergence subperiod the same results as in the full
sample: mimicking portfolios cannot attain the tangency portfolio and are mean-variance inefficient
10 In the tables we mark tests with an (a) when the mimicking portfolio cannot attain the benchmark. Note that (a) is a
stronger result than rejecting the null hypothesis.



Fig. 2. No short sales mean variance frontiers. This figure displays the no short sales mean variance frontiers of geographic,
industry and cross-country and cross-industry (country–industry) diversification. Industry indexes are computed by
building market value-weighted indexes based on Datastream level three sector classification. Returns and standard
deviations are annualized. The sample period is 1990–2005. Source: Datastream and own calculations.
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at the country minimum variance portfolio. In the convergence subperiod the test statistics for the
tangency portfolio is negative but insignificant and again at the minimum variance portfolio the
mimicking portfolio is mean-variance inefficient. As for unconstrained portfolios the euro subperiod
marks a change in the location of the frontiers and this is reflected in the positive sign of both test
statistics. However, we are unable to reject the null hypothesis of equal variance for the tests. Panel B
shows exactly the opposite pattern: in the pre-convergence subperiod both test statistics are positive
and switch sign to negative in the convergence subperiod. Again we are unable to reject the null
hypothesis of equal variance for each of the tests. In the euro subperiod country indexes cannot attain
the industry tangency portfolio and are inefficient at the industry minimum variance portfolio. Also,
the country efficient frontier is more affected by the short-selling constraint and, hence, spans a
smaller range of returns than the industry frontier. Nevertheless, the country frontier lies entirely
outside of the industry frontier.

Panels C and D of Table 4 report test results when country–industry diversification represents the
benchmark. Neither country nor industry portfolios attain, with the exception of country portfolios in
the full sample, the tangency portfolio of the country–industry diversification, confirming the
potential advantages of the country–industry structure even with short sales restrictions. For the
minimum variance portfolio, the test statistics are always positive and statistically significant, at least
at the 10% confidence level, in five of six subperiods and for the full sample when countries form the
mimicking portfolios. The most striking result here is that in the euro subperiod country portfolios
cannot even attain the minimum variance portfolio of country–industry diversification. We note in
passing that the many significant results with the country indexes suggest that the subperiods do not
contain too few observations to establish sensible test results. As expected, the passive EMU
benchmark, in Panels E and F, is inefficient relative to geographic and industry diversification. That
is, the test statistics are both negative and highly significant, at the 1% confidence level, or
mimicking portfolios are inefficient.
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In brief, our results with short-selling constraints are over time similar to those of our un-
constrained portfolios, that is we observe in the euro subperiod that the ranking between country and
industry is reversed. However, we also observe that industry portfolios are more affected by the no
short sales constraint in the full sample and the pre-convergence and convergence subperiods while
country portfolios are more affected by the constraint in the euro subperiod11.

Over the 1990–2005 period and also in the first two subperiods, industry diversification proves
to be at least statistically equivalent to geographic diversification. However, when short-selling
constraints are introduced, geographic diversification dominates industry diversification. Both
these findings are surprising. The first result is puzzling because of the low correlation structure of
countries relative to industries. The second puzzle builds on the first. If these two approaches to
international diversification are so similar, then, it is not clear why one diversification strategy
should suffer so much more from short-selling constraints than the other.

The same picture arises in the euro subperiod. Now, however, with reversed roles. The country
frontier lies outside of the industry frontier under the unconstrained optimization. With short-selling
constrains the country frontier shrinks dramatically compared to the industry frontier. Therefore,
what is the intuition behind these results?

It is well-known that the Markowitz algorithm (1991) leads to extreme portfolio positions
(Green and Hollifield, 1992) and that the outcome is almost never balanced. That is, optimal
portfolio allocation does not imply that the resulting portfolio will be well diversified12.

Green and Hollifield (1992) argue that factor risk is the source of unbalanced portfolio weights.
If stock or index returns are driven by one dominant factor we can form portfolios with zero factor
risk. Such a portfolio will take a large negative position in one stock, or an index, to finance an
even larger positive position in other stocks, or indexes. Further, Green and Hollifield (1992)
provide empirical evidence that if factor risk stemming from the single dominant factor in stock
returns is the reason for unbalanced portfolios, then stock returns must be highly correlated and
show a great diversity of betas.

Therefore, if industry portfolios with a higher correlation structure than country portfolios also
exhibit higher diversity of betas than country portfolios, then, industry portfolios are better suited
to eliminate factor risk. Thus industry portfolios must perform better than country portfolios. To
ascertain the validity of this hypothesis, we use the simplest one-factor model possible, the capital
asset pricing model, with the value-weighted EMU index as a proxy for the market portfolio.
Indeed, in untabulated results we find that industry indexes have a much greater diversity of betas
than country indexes. According to these arguments, one should consequently expect the un-
constrained industry frontier to lie outside the country frontier.

However, when short positions are not permitted factor risk cannot be eliminated. It is only in
these circumstances that the lower correlation structure of countries plays a role. This implies that
factor risk stemming from the single dominant factor in stock returns has a much stronger
influence on portfolio formation than correlations among particular stocks or indexes.
11 Avoiding investments in a large fraction of available assets as suggested by portfolio weights obtained with short-
selling constraints, e.g. many zero weights, may not be feasible. As pointed out above the BJS (2002) test can deal with
lower (l) and upper bounds (u) on portfolio weights, i.e. l≤w≤u. Hence, so we recompute the portfolio optimization
problems adding various lower and upper bounds on the portfolio weights. Untabulated results are easy to summarize:
portfolios have very similar return and risk and, hence, we are unable to reject the hypothesis of equality in variance.
However, the country efficient frontier dominates, in general, the industry frontier.
12 A typical reaction is to enforce a balanced portfolio strategy; see Black and Litterman (1992), Jagannathan and Ma
(2003) and Michaud (2001). However, country and industry indexes are composed of the same assets. A priori there is no
reason why industry indexes would be more subject to measurement error than country indexes.
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The euro subperiod introduces a major shift in the factor loadings of the country and industry
portfolios. Country indexes still show a slightly smaller diversity of betas compared to industry,
but industry beta diversity decreases and country beta diversity increases. As discussed above
these movements in factor loadings are reflected in our tests for the euro subperiod and, thus, are
consistent with the Green and Hollifield (1992) argument.

4. Robustness checks

4.1. Bootstrapping portfolio weights

The extreme sensitivity of portfolio weights to changes in the means (see Best and Grauer,
1991) is a major obstacle in mean-variance analysis. To evaluate the importance of estimation
error a sequence of bootstrap experiments is carried out. The analysis, aims to illustrate the
distribution of the portfolio weights with and without constraints. The distribution of portfolio
weights is important from a pure practical point of view; in addition, it is of interest for our
purpose to ascertain whether the diversification strategies present different statistical properties
for the weights.

Britten-Jones (1999) examines the distribution of unconstrained portfolio weights under
independently multivariate Normal distribution. We extend the analysis to portfolio weights with
constraints, using a numerical study, without relying on the multivariate Normal distribution. Our
block-bootstrap analysis is based on a rolling sampling window method which is helpful in
accounting for patterns of long-term dependence in the data.

Table 5 reports the sample mean, the bootstrap mean, the bootstrap standard deviation, and the
first quartile of the bootstrap efficient portfolio weights for minimum variance portfolios. Panel A
contains the unconstrained and the short-selling constrained country portfolio weights. First, we
observe that most of the unconstrained country portfolio weights from the data sample are similar
to the mean of the bootstrap data. As in Britten-Jones (1999) we find that efficient portfolio
weights have large sampling error. In our case, however, bootstrap confidence intervals are so
wide that they are completely uninformative. For example, the sample portfolio weight for the
Netherlands is 0.2713, the bootstrap mean portfolio weight is 0.1955, and the bootstrap standard
deviation of the portfolio weight is 0.2735.

Because some of the bootstrap portfolio weight distributions are clearly non-normal, standard
confidence bounds can be misleading. This fact is evidenced by the large values for the first
quartile of the bootstrap distributions. When constructing confidence intervals without relying on
the two standard error rule, some confidence bounds are tighter but still uninformative.

Panel A of Table 5 also reports results for constrained country portfolios. Short-selling
restricted portfolio weights from the block-bootstrap show mean values very similar to the data.
Notice that only five first quartiles, for Austria, Belgium, France, Ireland and Portugal, present
values different from zero. Most of the short-selling restricted portfolio weight confidence bounds
are significantly tighter than in the unrestricted case but remain large and uninformative.

Panel B of Table 5 contains our results for industry portfolios. In short, the patterns described
above for country index portfolios also apply for industry portfolio weights. Therefore, we find it
difficult to discriminate among the distributions of country and industry portfolio weights.

It is important to point out that while results in Britten-Jones (1999) and Li et al. (2003) find
huge variances in unconstrained tangency portfolios, to our understanding, none of these papers
goes so far to conclude that confidence bounds are so huge that no useful information can be
deduced from them.



Table 5
Bootstrap distribution of minimum variance portfolio weights

Sample mean Bootstrap mean Bootstrap stdv. Bootstrap 1st
quartile

Sample mean Bootstrap mean Bootstrap stdv. Bootstrap 1st
quartile

Unconstrained portfolio weights No short sales portfolio weights

Panel A: country index portfolios
Austria 0.2823 0.3703 0.1830 0.2497 0.2273 0.3498 0.1724 0.2278
Belgium 0.1960 0.1601 0.0840 0.0963 0.1828 0.1248 0.0856 0.0692
Finland 0.0092 −0.0143 0.0526 −0.0501 0.0000 0.0049 0.0087 0.0000
France 0.1529 0.2008 0.1196 0.0742 0.0345 0.0724 0.0566 0.0229
Germany −0.3231 −0.2154 0.1441 −0.3593 0.0000 0.0003 0.0023 0.0000
Greece −0.0114 0.0021 0.0384 −0.0344 0.0000 0.0143 0.0237 0.0000
Ireland 0.1828 0.1500 0.1068 0.0765 0.1642 0.1200 0.0686 0.0705
Italy 0.0522 0.0869 0.0284 0.0638 0.0189 0.0403 0.0351 0.0000
Netherlands 0.2713 0.1955 0.2735 −0.0055 0.1628 0.1609 0.2551 0.0000
Portugal 0.2306 0.1171 0.0445 0.0848 0.2095 0.1007 0.0633 0.0519
Spain −0.0429 −0.0530 0.1127 −0.1785 0.0000 0.0116 0.0230 0.0000

Panel B: Industry index portfolios
Basic industries 0.0861 0.1395 0.1789 0.0176 0.0000 0.0528 0.0743 0.0000
Cyclical consumer goods −0.0725 −0.0662 0.1103 −0.1811 0.0000 0.0000 0.0000 0.0000
Cyclical services 0.2551 0.2905 0.1755 0.1356 0.0912 0.1632 0.1842 0.0000
Financials −0.2315 −0.0511 0.3058 −0.3804 0.0000 0.0405 0.0716 0.0000
General industries −0.0494 −0.0637 0.1148 −0.1655 0.0000 0.0001 0.0007 0.0000
Information technology −0.0361 −0.0586 0.0662 −0.0932 0.0000 0.0003 0.0012 0.0000
Non-cyclical consumer goods 0.4085 0.3471 0.1304 0.2353 0.3252 0.2139 0.1184 0.1229
Non-cyclical services 0.0711 −0.0612 0.1416 −0.1650 0.0205 0.0306 0.0458 0.0000
Resources 0.1669 0.1609 0.0948 0.0941 0.1426 0.1345 0.0980 0.0717
Utilities 0.4017 0.3628 0.0884 0.3081 0.4205 0.3641 0.1031 0.2994

The table presents the sample mean, bootstrap mean, bootstrap standard deviation (stdv.), and bootstrap 1st quartile of minimum variance portfolio weights. Panel A contains
unconstrained and no short sales country portfolio weights and Panel B contains unconstrained and no short sales industry portfolio weights. Bootstrap replications involve a block
wise sampling across the country or industry return time series. Sample windows are constructed as follows: the size of the sampling window is 256 observations. The first data
window ranges from the first observation to the 256th data point. The second window ranges from the second observation to the 257th data point. We proceed until the last window
with 256 observations is reached. The bootstrap distribution contains 556 observations. Source: Datastream and own calculations.
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On the other hand, standard deviations of tangency portfolio weights in Eun and Resnick
(1988) are, at least, as large as the mean of the corresponding portfolio weight and in some cases
an order of magnitude larger13. Furthermore, Best and Grauer (1991) show that small changes in
one of the expected returns of a portfolio lead to extreme changes in many portfolio weights. They
report that several portfolio weights change by several hundred multiples of the change in the
expected return.

In earlier versions of the paper we implemented a simpler bootstrap procedure that preserved the
covariance structure of index returns but failed to account for long-term dependence in the data.
Unlike the results above, we found confidence bounds for minimum variance portfolios to be
somewhat smaller while tangency portfolios showed larger variations.

4.2. Extended data sample

In this subsection we discuss several additional robustness checks. Our two main concerns are
the sensitivity of the test to the number of assets (indexes) and to the sample size. All our
untabulated results discussed in this subsection are available upon request.

First, as we test eleven countries versus ten industries, the larger number of countries might
give an advantage to geographic diversification. We eliminate Portugal and, thus we can also
extend the sample back until April 1988. We do not find that our results depend on the inclusion
of Portugal.

Our second concern addresses the small sample properties of our test. Increasing the number
of observations may help us to use the standard Normal distribution for the BJS (2002) test with
more confidence. Increasing the sample size, however, implies reducing the number of
countries in the analysis since the Datastream country indexes for Finland, Greece, and Spain
were introduced only shortly before the country index for Portugal. Nevertheless, we collect
data back until 1974 for the remaining seven countries and our ten industry indexes. Again the
data is weekly US dollar-denominated returns from January 7, 1974 to July 25, 2005
(representing 1647 observations). To control for any biases arising from the smaller number of
countries compared to industries we also collect data for Denmark, Switzerland, and the UK. As
for the EMU motivated sample, we create three subperiods: pre-liberalization ranging from
1974 to 1983, liberalization ranging from 1984 to 1993, and convergence ranging from 1994 to
2005.

We find that our results are robust to both a longer time series as well as a different mix of
countries. The BJS (2002) tests are consistent over our primary 1990–2005 sample with the
longer period 1974–2005. We also find that the reduced number of country indexes does not
alter our results above. However, we observe that country indexes do relatively better if we
include Denmark, Switzerland, and the UK, and this is in particular the case for portfolios with
no short sales constraints. Further, there are no apparent patterns in the subperiods for the longer
sample that would support the argument that our results in the subperiods for the 1990–2005
sample are due to economic conditions such as the business cycle. Importantly, we cannot detect
a change in the factor loadings for the country and industry indexes in the last subperiod for the
extended sample size simply because the subperiods are too long.
13 Our confidence bounds for tangency portfolio weights are even larger than for minimum variance portfolios. Austria
for example shows a mean tangency portfolio weight in the bootstrap experiments for unconstrained strategies of 0.21
and a standard deviation of 19.04.



Table 6
Out-of-sample performance of minimum variance portfolios

Country Industry p-value Country Industry p-value

Unconstrained portfolios No short sales portfolios

Mean return 9.59% 8.99% 45.68% 9.60% 9.48% 49.17%
Standard deviation 0.23% 0.23% 0.25% 0.25%

The table presents annualized country mean and standard deviation, annualized industry mean and standard deviation, and
the p-value of a t-test for difference in means for unconstrained minimum variance portfolios and minimum variance
portfolios with short-selling constraints, respectively. The t-tests assume equal variances unless the null hypothesis of
equal variance (F-test) is rejected at a 10% significance level. The reported p-values assume one-tail distributions. The p-
values for two-tail distributions are twice as large as the p-values of a one-tail distribution. Each set of portfolio weights is
based on the sample windows from a block-bootstrap return time series. Sample windows are constructed as follows: the
size of the sampling window is 256 observations. The first data window ranges from the first observation to the 256th data
point. The second window ranges from the second observation to the 257th data point. We proceed until the last window
with 256 observations is reached. The bootstrap distribution contains 556 observations. Source: Datastream and own
calculations.
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4.3. Out-of-sample analysis

Until nowwe essentially assume that the average returns and the estimated covariance structure are
goodproxies for the true underlying data generating process. Even if this assumption is indeed satisfied,
the out-of-sample performance of mean-variance portfolios may be very different. Of course, since we
cannot know the true underlying data generating process the task of constructing efficient portfolios is
even harder. Therefore, estimation is key to successful investments and, thus, investors should be
interested in the out-of-sample properties of geographic and industry diversification.

Studies find that mean-variance efficient portfolios have a poor out-of-sample performance (see
Jobson and Korkie, 1980, 1981; Best and Grauer, 1991). In particular, the sample means of returns
represents ingredients to the optimization problem. We are, of course, more interested in out-of-
sample differences between geographic diversification and industry diversification than in their
absolute performance14.

We continue to focus on the minimum variance portfolio and analyze the performance of
geographic and industry diversification with and without constraints. The out-of-sample experi-
ments take the following form: at the end of each week, we estimate the covariance structure of the
country and industry indexes, respectively.

We examine here the out-of-sample performance of the minimum variance portfolios based on
estimates of the covariance structure from the block-bootstrap experiments only. In earlier
versions of the paper we implemented an exhaustive analysis of out-of-sample portfolios. These
results as well as our results for the tangency portfolios are available upon request. Overall, we
find that the examples presented below are representative.

For our purpose, the resulting country and industry out-of-sample time series are tested for
differences in their means. We assume equal variances for the t-tests unless the null hypothesis of
14 It is important to remark that we do not examine the out-of-sample performance of geographic diversification and
industry diversification based on the predictive power of the usual suspects like the T-bill rate (Breen et al., 1989) or past
index returns (Ferson and Harvey (1993)). However, the reader should keep in mind, that when the mean returns are
estimated with rolling windows, predictability may affect the results indirectly if one of the diversification strategies
exhibits stronger persistence.
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equal variance (F-test) is rejected at a 10% significance level. Table 6 reports summary statistics
(mean, variance, and the p-value for the t-test) for the out-of-sample experiments. The mean and
variance of the time series are annualized.

Three major lessons can be drawn from Table 6. First, it does not appear to be the case that
nonnegativity constraints affect the return and risk profile of the analyzed portfolio strategies in a
dramatic way. For instance, both the means of returns as well as their standard deviations remain
approximately at the same level independently of whether the portfolio strategies involve
constraints or not.

Second, untabulated results suggest that the estimation method used for the covariance
structure of the country and industry indexes may have a substantial influence on the outcomes. In
particular, for unconstrained strategies, rolling windows and increasing estimation windows
outperform a portfolio strategy with fixed weights, e.g. known covariance structure. Apparently,
an investor could attain a twice as high return with unconstrained country diversification if he
consistently updates his estimate instead of focusing on a constant covariance structure.

Third, country diversification almost always outperforms industry diversification in absolute
return terms. However, we can never reject the null hypothesis that the means of the two
experimental out-of-sample time series are identical. The smallest p-value we observe is as high
as 30%.

Overall, our results match well with conclusions in Eun and Resnick (1988). Controlling
estimation risk is almost always beneficial. The minimum variance portfolio performs nearly as
well as the tangency portfolio when estimation risk is taken into account. But, in general,
statistical discrimination among strategies is difficult.

Finally, notice that while we find evidence for the existence of factor risk driving extreme
weights in unconstrained optimization (see Green and Hollifield, 1992) we also find evidence of
estimation risk. Our results support the view that constraints are helpful because estimation risk
has a much larger impact on the performance of portfolio strategies than factor risk.

5. Conclusions

We have compared country and industry diversification based on standard mean-variance
theory using the Basak et al. (2002) test. Our approach allows us direct comparison of the two
diversification strategies from a pure performance perspective without relying on unobservable
country or industry factors. Furthermore, the test is flexible enough to incorporate short sale
constraints.

According to the mean-variance tests, geographic diversification and industry diversification
are statistically equivalent strategies. Geographic and industry portfolios outperform the EMU
index but underperform a diversification strategy based on country–industry indexes. When
restricting short sales positions, geographic diversification outperforms industry diversification.
The industry efficient frontier lies inside the country frontier, spans a smaller range of returns, but
“peaks” outside of the country frontier.

The difference in the way geographic diversification and industry diversification are affected
by short-selling constraints is intriguing. We investigate the plausibility of an explanation
provided by Green and Hollifield (1992): If stocks, or indexes, are highly correlated and exhibit a
wide diversity of betas, one can form portfolios with essentially zero factor risk. Such a portfolio,
however, will take a large negative position in one index to finance an even larger positive
position in another index. As we compare the features of both country and industry data, we find
that industry index data follow that pattern perfectly. Industries not only exhibit higher
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correlations than countries, but also show large negative positions in optimal portfolios and a
much greater diversity of betas with respect to the EMU market index.

A striking aspect in the subperiods is that industry diversification is at least as successful as
geographic diversification in the full sample and the first two subperiods. Yet in the euro
subperiod country diversification clearly outperforms industry diversification. Our evidence
seems to be at odds with recent research that advocates the raise in industry factors over the last
decade and, hence, also recommends industry diversification.

Overall, country diversification performs better when we impose realistic constraints, which
supports the traditional wisdom on geographic allocation. However, the statistical evidence for a
difference between the strategies is weak.
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Appendix A. Bootstrapping portfolio weights

We implement a block-bootstrapping procedure in which blocks of country and industry data
are used to compute the BJS test statistics. The block-bootstrap data is constructed by the
sampling window method of Hall and Jing (1996). For convergence of this method to the
asymptotic distribution of the (normalized) sample mean see Hall et al. (1998). We use this
method because the sampling window method is, in particular, helpful in accounting for patterns
of autocorrelation or other long-term dependence. In contrast, a simple replication of data with
replacement (across the time series) may preserve the covariance structure, the skewness as well
as the fat tails of the return distributions but disregards long-term dependence.

The bootstrap experiments are carried out as follows: first recall that the data are indexed by
t∈ [0, T]. The sampling window method uses the first T̂ observations in T to compute the first
bootstrap BJS test statistics, ξ1. The size of the sampling window, T̂, is assumed to be strictly
smaller than T, that is, t=1, …., T̂ and T̂<T. The subscript denotes that the BJS test statistics is
from the first data window of size T̂. Next we use the second window ranging from t=2 to the (T̂+1)th
observation to compute ξ2. The last window is t=T− T̂+1, …, T.

Hall et al. (1998) argue that the procedure should be implemented with T̂=c×T1/2 where c=1,
…, 9. We chose c=9 to maximize the likelihood that mean returns are positive. We also conducted
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block-bootstrap experiments with c=1, 3, 4, 5, 6 and do not find that our results depend on the
choice of c.

BJS also conduct a sampling window simulation to show that the normality assumption is
adequate. Based on the squared correlation between the quantiles of their data and the quantiles of
the Standard Normal distribution they conclude that the normality assumption is imperfect but
sufficiently realistic. We confirm their results by showing that the bootstrap p-values are
sufficiently close to the p-values from the Standard Normal distribution and, further, never affect
our conclusions.
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