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INTERNATIONAL INVESTING BEYOND

DIVERSIFICATION

Abstract

We develop a framework for analyzing individual stocks across two countries to
uncover international investment gains arising from (i) differences in global factor
risk premia and (ii) country-specific factors unavailable domestically. Applying
the method to individual stocks in 27 countries from 1966 to 2022, we find large
and robust opportunities. Investing in country-specific factor portfolios more
than triple the Sharpe ratio of a US market-index investor, and strategies that
exploit cross-country differences in common factor premia are similarly profitable
— even among G7 markets — challenging the view of completely integrated global

equity markets.

JEL classification codes: G12, G15, C58, C38
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1 Introduction

Introductory textbooks teach that investors should diversify internationally. Holding
assets across countries is supposed to reduce portfolio risk and improve risk-adjusted
returns because national economies do not move in perfect lockstep. This advice has
guided both practitioners and academics for decades and is supported by early empirical
evidence showing low cross-country correlations in stock returns. For example, Heston
and Rouwenhorst (1994) finds that “the low correlation between country indices is
almost completely due to country-specific sources of return variation.” Yet, as global
markets have become increasingly integrated and many companies engage in foreign
direct investments, the classical case for international diversification has become less
clear. When information, capital, and risk flow freely across borders, can investors still
improve their portfolios by looking abroad — or has globalization erased most of these
gains?

This paper develops a framework to examine these questions systematically. Con-
sider a baseline scenario where identical systematic factors drive individual asset returns
in both countries, and factor pricing holds. In such a case, investing abroad does not
offer additional benefits asymptotically, i.e., when the investor already holds a very
large and well-diversified portfolio of domestic assets.

Our framework departs from this baseline in two key respects: (1) while some
systematic factors may be common across countries, others may be country-specific;
and (2) the compensation for common factors may vary across borders. We demonstrate
how to detect these deviations and translate them into actionable investment strategies.

In a globalized economy, common factors across countries are almost inevitable. For
instance, over our sample period, the correlation between the US market index and the
UK (Canada) market index is 0.69 (0.72). As a result, mean-variance enhancement
is rarely achieved by simply combining country-level indices. Thus, isolating country-
specific risks is essential to expand the investment opportunity set.

To address this, we extend the setup of the large-N, short-T" economy of Kim et al.
(2021) to a two-country model, enabling full exploitation of a large number of individual
stocks in each country. We further assume that firm characteristics contain valuable in-
formation about factor loadings, allowing for efficient estimation with short panel data.

We begin by applying Principal Component Analysis (PCA) to each country to extract



systematic factors, which initially represent a mix of common and country-specific fac-
tors. To disentangle these, we leverage the fact that common factors should appear in
both sets of systematic factors. Specifically, we employ Canonical Correlation Analy-
sis (CCA) to identify combinations of systematic factors that maximize cross-country
co-movement, and we theoretically establish that this method consistently recovers the
common factors and the country-specific factors. For a given pair of countries, we iden-
tify factors that are uncorrelated to the common factors so that they can be interpreted
as country-specific sources of risk that are only accessible by investing in a particular
country.

Additionally, we develop a feasible portfolio strategy to exploit differences in the
risk premia of common factors across countries if markets are not completely integrated.
For example, suppose the US and Canadian market indices perfectly comove. If the US
market index has a higher risk premium, then regression of the US index on a constant
and the Canadian index should yield a positive intercept with an R? of 1. This positive
intercept reflects the difference in risk premia between the US and Canada and can
be exploited through a long-short strategy: long the US market index and short the
Canadian index. Similarly, we regress common factors identified from one country’s
assets on a constant and the corresponding common factors from another country to
detect disparities in risk premia. If such a strategy were to deliver consistent profits, the
economic implications are profound. It would indicate market segmentation in terms of
the pricing of common risk. We view this as a stronger challenge to market integration
than the mere existence of country-specific factors.

We apply our method to individual assets across 27 countries, using up to 153 firm
characteristics over the sample period from 1966 to 2022. We use the code from Jensen
et al. (2023) (available at https://jkpfactors.com) to construct our dataset. We analyze
26 country pairs, each consisting of the US and one other country.

As a baseline, we use rolling estimation windows of 60 months, assume seven system-
atic factors, and separate the common factors from the country-specific factors using
the bootstrapping method of Gongalves et al. (2025). In each estimation window, we
construct two types of portfolios: (1) country-specific portfolios, which bet on country-
specific factors, and (2) a segmentation portfolio, which exploits differences in risk
premia while hedging out common factor risks. These portfolios are implemented in

an out-of-sample manner, with positions held for one month following each estimation



window.

Our analysis shows that country-specific portfolios deliver impressive performance,
with annualized Sharpe ratios ranging from 0.50 (Brazil) to 1.31 (Belgium). For most
of 26 pairs, these portfolios generate highly profitable returns at the 1% statistical
significance level. Moreover, they exhibit remarkably low correlations with the US
market and with each other, offering substantial diversification benefits compared to
traditional passive diversification using market indices. While combining country-level
market portfolios yields little improvement, mixing the US market with country-specific
portfolios can nearly quadruple the Sharpe ratio relative to the US market portfolio.

Segmentation portfolios also deliver strong performance, with returns quantitatively
comparable to those of country-specific portfolios. Notably, we find high profitability in
segmentation portfolios even between the United States and other G7 countries, casting
serious doubt on the conventional view of tight financial market integration among
developed economies. Furthermore, we show that the profitability of the segmentation
portfolio is not driven by country-level or global exchange rate movements.

Naive international diversification over our sample period yields Sharpe ratios be-
tween 0.48 and 0.56. Our approach to exploiting country-specific risk premia yields
Sharpe ratios from 1.44 to 2.32. Our approach to exploiting pairwise cross-country
differences in the pricing of common risks yields Sharpe ratios from 0.73 to 1.41 for G7

countries and from 0.57 to 1.33 for non-G7 countries.

Related Literature

A central motivation for international investment has long been the potential for diver-
sification benefits arising from low correlations across national markets. Early studies
such as Grubel (1968) and Solnik (1974) documented substantial gains from holding
internationally diversified portfolios, attributing the benefits to the low correlations of
financial markets across countries and the presence of country-specific economic cy-
cles. As this insight spread and old barriers to capital flows slowly crumbled, global
investment flows surged. This shift contributed not only to the growth of cross-border
financial investment but also to the economic development of capital-scarce countries,
as Bekaert and Harvey (1995) and Bekaert et al. (2005).

However, asset behavior changes once markets become integrated into the global



financial system. For example, Karolyi and Stulz (2003) show that the pricing of cross-
listed firms is strongly influenced by global factors, indicating that even firms based
in relatively independent domestic economies are subject to international pricing dy-
namics. Similarly, Bekaert and Harvey (1995) and Carrieri et al. (2007) find that the
covariance between national markets and the global market accounts for a significant
portion of expected returns, particularly in developed markets. As a result, several
studies, including Sinquefield (1996) and Quinn and Voth (2008), question the diver-
sification benefits of international investment within developed markets. In response,
Berger et al. (2011) suggest turning to frontier markets as a more promising source of
international diversification gains.

We find that skepticism regarding the benefits of international investment is, at
least in part, due to a lack of attention to individual assets in foreign markets. Cho
et al. (1986) use individual assets to study market integration and find that the data
are not consistent with the joint hypothesis of integration and exact factor pricing.
Chaieb et al. (2021) also analyze the behavior of individual foreign stocks and highlight
the importance of local factors that can be overlooked in standard country indices.
Taking a different approach, Eun et al. (2017) demonstrate how selecting stocks with
low exposure to global factors can yield meaningful diversification benefits. Our paper
is also related to the works of Errunza et al. (1999) and Bae et al. (2019), which
explore hidden investment opportunities by examining granular assets within the U.S.
or other developed markets. We contribute to this literature by proposing a systematic
approach to isolate country-specific factors, that are independent of global influences,
from a broad set of individual assets and, therefore, enhance diversification potential.

We propose a novel method to assess the parity of risk premia on global factors across
countries, advancing the understanding of international market equilibrium. Cho et al.
(1986), Korajczyk and Viallet (1989), and Korajczyk and Viallet (1992) apply the Arbi-
trage Pricing Theory (APT) framework to international markets, while Harvey (1991)
extends the Capital Asset Pricing Model (CAPM) to the global setting - a framework
further developed by Dumas and Solnik (1995) to incorporate currency risk. Our ap-
proach builds on a country-level factor structure, which enables the application of APT
on a country-by-country basis. By allowing risk premia to differ across countries, we
uncover deviations from market integration and equal compensation for common risk

between markets. In a similar vein, Patton and Weller (2022) explore cross-country



heterogeneity in factor compensation using clustering techniques. This concept of eval-
uating equilibrium through risk premia parity builds on foundational work by Roll and
Ross (1980) and Brown and Weinstein (1983).

Recent efforts to model the factor structure of global financial markets have been
advanced by Choi and Kim (2023) and Linton et al. (2025). Furthermore, Sandulescu
and Schneider (2021) and Sandulescu et al. (2021) provide evidence of disequilibrium
in global asset markets, suggesting the presence of unexploited investment opportu-
nities in international settings. We contribute to this line of research by proposing a
factor pricing model based on large panels of individual asset data. The core of our
method is Projected-PCA, developed by Fan et al. (2016) and extended by Kim et al.
(2021) to identify mispricing in a large cross-sectional economy. We expand upon the
single-market analysis in Kim et al. (2021) by extending it to a two-market frame-
work. Additionally, we apply factor grouping techniques from Andreou et al. (2019)
and Andreou et al. (2020), utilizing canonical correlation analysis in a short T setup.
More broadly, our work draws on the literature that estimates risk premia and sys-
tematic factors in short panel data settings (Connor and Korajczyk (1988), Kim and
Skoulakis (2018), Raponi et al. (2020), Kim and Korajczyk (2024), Zaffaroni (2025),
and Fortin et al. (2025)), as well as on the literature that infers risk premia through
firm characteristics (Freyberger et al. (2020), Freyberger et al. (2024), and Kelly et al.
(2019)).

2 The Model

2.1 Motivating Example

We first describe a simple version of our setup, in which we abstract from estimation
problems, and only consider a one-factor economy. The intuition will carry over to the
general case, but the general development requires more notation. Throughout, we will
consider an investor with a home country (country 1) who is considering investing in
another country, country 2. Excess returns follow a factor model for both countries,

and more specifically for country j = 1,2, we have:



Rjie = Bji (A3 + fi) +6i ()\j + gjt) +ejit, J=1,2;0=1,--- | N. (2.1)
— —

common risk country specific

That is, individual asset returns follow a three-factor model. The first factor, f;,
captures risks that are common to both countries. We denote its risk premium by AS.
The second and third factors, g;;, represent country-specific risks, i.e. shocks to which
firms in a country are exposed; its risk premium is denoted by Aj. To further simplify
this example, we assume that the factor loadings ;; and ¢;; are known and they are
cross-sectionally orthogonal, i.e., 8;; L 0j;.

We now outline the portfolios of interest in this paper. The first one is called the
“country-specific” portfolio. It seeks to gain exposure to sources of systematic risk that

are only present in the foreign country (country 2). Consider the portfolio, with weights

d2i.

(for assets in country 2), w = e

ZwsRZzt = Z 02l (As+ fo) + Z 21 (NS + gae) + Z 02;€2it

=1

N 52
P 2 s
— 1 =1 (A
(ﬁ&; N) (s + g2).
1=

where the limit follows from the orthogonality between fs; and d; (eliminating the
first term) and from the diversification of the idiosyncratic component (eliminating the
last term). This portfolio expands the investment opportunity set for our country 1
investor.

In addition, our investor can attempt to exploit pricing differences in the pricing
of the common factor across the two countries. In this setting consider the following

portfolio, which we dub the “segmentation portfolio”. Portfolio weights wy @ will



isolate the common factor with the associated premia in country 2:

al al 53' al 52'52‘ al 52‘621
‘C z — _Z Ac 3 T )\s Y3 XA
izlszM ;N(2+ft)+iz1 N <2+92t)+i21 N
N 52‘
—7 (&g%ﬁ) (A5 + f1)

because the factor loading for the common factor [; is orthogonal to that for the

country specific factor do;, and the residuals are diversified away. An analogous portfolio

in country 1 recovers the equivalent quantity, —* (limNﬁoo Zfil %) (Af + fi). The
difference in these two portfolios converges to the difference in common risk premia,
ie. A{ - A5. The sign of the premia difference allows a portfolios manager to devise a
strategy to exploit any non-zero difference.

This simple approach relies on (at least) two unrealistic assumptions. First, it as-
sumes that investors know the true values of factor loadings, as well as common and
country-specific factors. Second, it assumes that common and country-specific factors
can be easily identified through cross-sectional orthogonality of factor loadings. Both
assumptions are very likely to be violated in practice. Instead, the investor faces a dif-
ficult estimation problem. The main goal of this paper is to develop feasible estimators
for these quantities so that the “country specific” and “segmentation portfolio” can be

implemented.

2.2 General Model

Consider a pair of two countries, indexed by ¢ = 1,2.! We assume that there exists a
large number of securities in each country and the return generating processes for those
individual securities are stable over a relatively short horizon t =1, --- | T.

We specify the return generating process of individual securities in each country
g. The excess returns of individual stocks in country g follow a K -factor model in
which the factors are unobservable, latent factors. Among K, factors, K¢ factors are
common across the two countries and K factors are country-specific. Thus, it holds

that K, = K+ K. In particular, the excess return of i-th asset in country at time ¢

!These two countries are generic. In the empirical application in Section 4, we construct various
pairs using 27 countries.



is generated by the following model: for ¢ =1,2, ¢ =1,--- ,Nyand t=1,---,T,

Rgit = ﬁ;z ()\; -+ ft) + 5;2 ()\; + ggt) —+ egit> (22)

where B); = [Bgin -+~ Byirce] is the (K¢ x 1) factor loadings of the i-th asset to the com-
mon factors, A = [X¢; - A;Kc}/ is the (K¢ x 1) vector of risk premia in country g for
exposure to common factors, f; = [f,1 -+ fyre] is the (K¢ x 1) systematic zero-mean
common factor realization in period t, 5/91' = [(591-1 ce (591-;(5]/ is the (K 5 X 1) factor load-
ings of the i-th asset to the country-specific factors in country g, A; = [Azl A KS]/
is the (K g X 1) vector of risk premium in country g on the exposure to country-specific
systematic factors, g, = [ggl e ggKg}/ is the (K g X 1) systematic zero-mean country-
specific factor realization in period ¢, and ey is the zero-mean idiosyncratic return of
asset ¢ at time t.

Throughout, we use 0,,, 1,,, and 0,,; denote the (m x 1) vectors of zeros and ones
and the (m x [) matrix of zeros, respectively. The return generating process of (2.2) is

expressed compactly in matrices: for g = 1,2,

R, =B, (A17 + F') + D, ()17 + G)) +E,, (2.3)
common factors country-specific factors

where the (7,t) element of the (N, x T') matrix R, is R, the i-th row of the (IV, x K¢)
oo the t-th row of the (7' x K¢) matrix F is f{, the i-th row of the
(Ng X K;) matrix D, is 6;i, the ¢-th row of the (T X Kg) matrix Gy is g;t, and the
(i,t) element of the (N, x T') matrix E; is €.

matrix B, is 8

The goal of this paper is to demonstrate how an investor can systematically un-
cover and exploit investment opportunities in a foreign country. The first two terms
on the right-hand side of (2.3) provide distinct avenues for expanding the investment
opportunity set. To illustrate, let us consider an investor based in country 1 seeking
investment opportunities in country 2. Hence, we set ¢ = 2 in (2.3) and dissect the

avenues available to her as follows.

1. Common factors:
The first term relates to common risk factors, i.e. those shared between countries 1

and 2. At first glance, leveraging these factors in country 2 might seem redundant,

10



as she already has exposure to them in her domestic market. However, when the
pricing of these factors differs between the two countries, the investor may attempt
to take advantage of this pricing differential. If A{ < A§, investing in the common
factor via country 2 is more attractive than via country 1. She might further
hedge her exposure to the common factors by shorting the common factor in her
domestic market. Conversely, if A{ > A, she may invest in the common factor
via country 1 and still short the common factors in country 2 for the purpose of
hedging. This strategy, however, induces capital flows across borders, potentially
equalizing risk premia of common factors over time. Thus, the viability of this
strategy hinges on timely detection of cross-country disparities or the presence of

frictions that inhibit capital mobility.

. Country-specific factors:

The second term of RHS in (2.3) highlights the country-specific factors within the
country 2. This channel represents the traditional justification for international
investing: expanding the mean-variance frontier. By including foreign assets, she
gains exposure to factors that are not available in her domestic market. We aim to
move beyond the conventional approach. This paper proposes a systematic frame-
work to isolate and precisely target investments driven purely by country-specific
factors. This approach not only enhances the investor’s ability to capitalize on
international opportunities but also underscores the potential for more refined

and targeted global strategies.

While the conceptual pathways are clear, implementing these strategies in practice

poses challenges. Central to these challenges is the lack of precise knowledge regard-

ing the exposures to the systematic factors, [B, D,]. Once investors obtain these in-

formation, the implementation is relatively clear. To illustrate, consider a simplified

scenario where mispricing does not exist, and only the common factors are present with-

out country-specific factors. Then, if B, were known, one could estimate }\gl’T + F

through straightforward cross-sectional regressions in each country under reasonable

assumptions.? Then, the difference between A§ and A could be derived from the differ-

ence in the estimated Aj17. +F’ because F’, the random realization of common factors,

2The object of )\gl’T +F" is closely related to the concept of expost risk premia discussed in Shanken
(1992) and Kim and Skoulakis (2018)
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would cancel out. Armed with this information, the investor could systematically ex-
ploit the second pathway, strategically allocating long and short positions in common
factors across the two markets.

The bulk of this section illustrates the structure and assumptions necessary for in-
vestors to acquire reasonable knowledge of exposures to the systematic factors, [B, D] .
A common approach involves using time-series regressions of asset returns on factor re-
alizations. However, the literature has long recognized that beta estimates derived from
short time horizons are plagued by substantial errors (see Fama and MacBeth (1973)
and Shanken (1992)). Moreover, increasing the cross-sectional sample size does little
to mitigate these errors.

To address these limitations, we extend the methodologies of Fan et al. (2016) and
Kim et al. (2021) to a two country setup. This approach leverages the large cross sec-
tion of asset characteristics to consistently estimate mispricing and factor loadings, even
when time-series data is limited. Unlike Kim et al. (2021), whose focused on analyzing
a single-country market, our objective is broader. We seek to provide a comprehensive
framework that not only identifies and exploits mispricing but also capitalizes on dis-
parities in common factor premia and country-specific factors. This strategy unlocks
a richer dimension of international investment, empowering investors to systematically
harness the opportunities that arise in foreign domains.

The key insight lies in recognizing that asset characteristics are determinants of
risks. In particular, we allow the systematic risk [B, D] to be functions of asset-specific
characteristics in each country. Let x4 = [:cgﬂ . :vgiLg], be the (L, x 1) vector of the
characteristics associated with stock i in country ¢.* Then, define the (N, x L,) matrix

of Xy, the i-th row of which is x},. We assume the following structure for B, and Dy:

B, = Xg@f] + P; (2.4)
and
D, = Xg@g + F;, (2.5)

where ©F is the (L, x K¢) matrix, ©F is the (L, x K;) matrix, and the (N, x K¢)
matrix, I'y and the (Ng x K ;) matrix, I'y are cross-sectionally orthogonal to the char-

acteristic space of X,.

3Note that the number of characteristics can differ across countries.
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We call the two matrices of ©F and ©j factor loading matrices because they relate
characteristics to factor loadings to the common and country-specific systematic fac-
tors, respectively. The terms of I'y and I'; represent the sources of risk that are not
attributable to the characteristics, including omitted characteristics. As will be shown
later, while the factor loading matrices, ©f and ©j can be consistently estimated in the
large N /small T setting used here, consistent estimates of I'; and I'y cannot be esti-
mated consistently in a small T" setting. Therefore, our procedure does not attempt to
exploit the gammas, just their orthogonality to the characteristics in each country. Fur-
thermore, although we restrict the relation between factor loadings and characteristics
to be linear, there are various approaches to incorporate non-linearity. For example, we
would have chosen X, to be a large set of characteristics, possibly containing suitable
polynomials of some underlying characteristics, X7, as in Kim et al. (2021).

Incorporating (2.4) and (2.5) into (2.3), we have that:
Ry = (X,00+T¢) (A1, + F') + (X095 +1%) (As1, + GL) + E;. (2.6)

Using the above specification, we provide a powerful framework to extract a wide cross-
section of betas, surpassing the limitations of conventional time-series regression esti-
mates. Firstly, by instrumenting characteristics of X,, we can extract the information
on the betas (via X,07 and X;07) even when data are relatively infrequently observed
(such as monthly) over a horizon less than a decade. This is a strong advantage over
other factor loadings extraction methods requiring long time series or high frequency ob-
servations. Second, because we can set T' to be small, the process in (2.6) can be treated
as a local approximation of a conditional model over a long horizon. In particular, our
rolling estimation of (2.6) enables us to study the temporal relation of characteristics to
risk. Many empirical approaches (e.g. Kelly et al. (2019), Ferson and Harvey (1999),
Ghysels (1998)) construct conditional models by allowing the characteristics to change
period-by-period but holding the cross-sectional relation between characteristics and
mispricing or risk constant. By contrast, our method explicitly captures the dynamics
of ©f and ©7. Lastly, we do not need to necessarily have all important characteristics
for mispricings or risks in (2.6). Because any information in the missing characteristics
is captured by I'j and T'}, our model already incorporates the possibility of misspecify-

ing the set of characteristics. Hence, if some important characteristics are missing, we

13



may lose some precision but will not generate spurious results.

Before formalizing the two-country economy, let us first consider how our framework
provides a novel perspective on evaluating market integration between countries. Ac-
cording to the Arbitrage Pricing Theory (APT; Ross (1976)), in a world free of frictions
and arbitrage opportunities, compensation for common risks should be identical across
all assets in both economies, implying A{ = A§. However, our framework allows the
possibility that A{ may differ from AS. Investors can construct strategies that exploit
these differences, and the profitability of such strategies becomes a tangible measure of
market integration. High profitability points to significant segmentation between the
markets, while negligible profits suggest a greater degree of integration

We formalize the two-country economy. First, we assume the standard regularity

conditions on the characteristics and residual returns.

Assumption 1. In each country g = 1,2, as N, — o0, it holds that

) R,R X, X
(i) g—g S Vg, and - * — Vx,, where Vg, VXg are positive definite matrices,

/ /
P, X FS E
(’L’L) ;\7[ _>0Lg><KC ;\Jfg _>0Lg><KS and —%=2 N, OLg><T

Condition (i) simply states that the cross section of returns and characteristics are
not redundant but well-spread over individual stocks in each country. Condition (ii)
imposes the cross-sectional orthogonality conditions between the characteristics, X,
and factor loading residuals, I'; and I';, and residual returns, Egy, in each country.
Next, we assume mild restrictions to separately identify factor loading matrices
©° and ©. We introduce the symmetric (7 x T) matrix Jp = Iy — 7171}, which
corresponds to time-series demeaning. We define ©, and H, as [@g @;} and [F G;} ,

respectively.

Assumption 2. In each country g = 1,2, as N, — o0, it holds that

- OYX/X,0¢ OYX!X,05
g9“9“*9 g g9 ~“*9“*9 g c/ c c/ s
(1) ===~ e'x = | ex %o ox%k o O Vx,95 95V, = Vg, , where
@g ngg@g @g ngg@g @s/V B¢ @s/V es 9’
L N, N, g Y Xg¥g Mg ¥XsMg
Vo, is a (Kg x K,) positive definite matriz,
[ F'JrF  FJIrGy
H/ J;H Yr Ogexks .
g g __ T T _ g _
e I e | = S, uhere Sy, i a
L T T KngC Gy
(K, x K,) positive definite matriz,
G/ JTG1 G4 I G2
T ; S s s s 4 ; ;
(111) G/JTGq GLIrG, | 150 (K7 4+ K3) x (K5 4+ K3) positive definite matriz.
T T
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Condition (i) implies that each column of X,0, provides non-redundant information.*
Condition (ii) ensures that factor realizations are not redundant in each country. Fur-
thermore, the common factors and country-specific factors are orthogonal over the sam-
ple period. Note that these restrictions are without loss of generality because we can
regress any correlated country-specific factors on the common factors and reconstruct
the orthogonal country-specific factors from the residuals. Condition (iii) imposes min-
imal restrictions on the behavior of country-specific factors, requiring that they cannot
be replicated across countries. Otherwise, the country-specific factors would lose their

country-specific features and would instead be classified as common factors.

2.3 Methodology

We present our systematic approach that enables investors to uncover and capitalize
on opportunities in foreign markets, structured into three steps. In the first step, we
identify common and country-specific factors. Extracting systematic factors from a
large cross-section of returns is relatively straightforward when factor pricing holds,
as shown by Connor and Korajezyk (1986). Our method extends this approach by
projecting returns onto the characteristic space, which improves the efficiency of the
estimator. Once systematic factors are identified for each country, canonical correlation
analysis is applied to separate common factors from country-specific ones.

In the second step, we assess how firm characteristics inform mispricing and factor
loadings for the two types of factors identified in the first step. By examining how
the interaction between asset characteristics and factors explains stock returns, we
learn about the information in firm characteristics on factor loadings. Any residual
explanatory power of firm characteristics on returns is then attributed to mispricing.

Finally, in the third step, we propose practical portfolio strategies to systematically
harness foreign investment opportunities. The information on the common/country-
specific factor loadings from the second step can be interpreted as portfolio weights,
recovering common /country-specific factors accordingly. Then, we can aggregate port-
folios generating country-specific factors into a single portfolio based on a valid criterion,
such as mean-variance maximization. Furthermore, we can assess the premium differ-

ence on common factors by regressing the common factors of country 2 on a constant

4This assumption does not require that all characteristics contribute to the factor loadings. Any
redundant characteristics will be accounted for by zeros in the corresponding entries of ©,.
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and the common factors of country 1, and then construct a hedging portfolio accord-

ingly.

Step 1: Estimation of common factors and country-specific factors The first
step of our procedure involves estimating the common factor innovation, F'Jr, and the
country-specific factor innovation, G Jr, from returns in the two countries. Recall that
the observed returns in (2.6) are driven by the risk premiums Aj and A, as well as the
realizations of F and G,. Because our objective in this step is to estimate the demeaned
factor realization rather than the risk premiums, we eliminate the effects of the risk

premium by demeaning the observed returns by post-multiplying Jr (: Iy — % lTlT):

RyJr = (X,05+ 1) (X1 +F) Jp + (X0 +T3) (A1 + G) Jr + EgJr
= (X605 +T5) F'Ir + (X,0; +T5) G, Jr + EgJ o, (2.7)
where the last equality is from the property of 17.J7 = 14, (Iy — % 171%) = 1, — L1/, =

07. To further isolate X,07 and X,07, we project the demeaned returns of (2.7) on
-1

the (linear) span of X, by premultiplying the projection matrix P, = X, (X;XQ) X
This gives:
R, =P,R,J; (2.8)

= (P,X,0% + P,I) F'Jr + (P,X,05 + P,I?) G.Jr + P,E,Jp
= (X,0% +P,I) F'Jp + (X,05 + P,I%) G I + P,E Jr,

where the last equality is from P,X, = X,. Furthermore, exploiting the orthogonality
of I'y, I'y and E, with respect to X, from Assumption 1(ii), the terms of P,I7, P,Ly,
and P,E, in the above equation will become negligible when N, is large. Hence, with
a large N, it follows that ﬁg =P,R,Jr = [Xg@; Xg@;} [F’JT G;JT} = Xg@gH;JT,
where ©, = [@; @;] and H, = [F G| . Finally, we estimate JrH, by applying standard

principal component analysis to f{g.

Theorem 2.1. Let ﬁg denote the (T x K,) matriz, the k-th column of which is the

eigenvector of RJQVRg corresponding to the k-th largest eigenvalue of R]"VR”, where f{g 18
g g

given by (2.8). Under Assumptions 1 and 2, as N, increases, ﬁg LN JrH,O,4, where
the (K, x K,) matriz Oy is given in Lemma C.1.
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Note that we identify the (demeaned) factors only up to rotation, as is common in

5

the latent factor literature.” To provide some intuition of the above theorem, recall

that f{g converges (as N, — 00 ) to X,0,H J; = X,0,0, O, H J. Therefore, R]-/qu:g
converges to JrH,O, <Og_1 G)f’xjg\[—)g(g@gog_l’> O;H! Jp. From Lemma C.1, O, features that
OH, JrH,O, = I, and, with Assumption 2(i), O;l%xjg\,—)g(g@g
diagonal matrix. Hence, with a large N,, each column of JpH,O, and each diagonal

1 0/X,X,0
element of O 124292979
9 N,

(’);1’ converges to a

(’)g_l’ can be interpreted as an eigenvector and an eigenvalue of
R, R,
Ng
stated in Theorem 2.1.

, respectively. Resorting to these observations, we attempt to recover JyH,O, as

Then, we proceed to identify common factors and and country specific factors. The
main analytical tool for this purpose is Canonical Correlation Analysis (CCA). Define

the (K x K7) matrix EA]HI, the (K3 x K3) matrix EA]HQ, and the (K; x K3) matrix ile

mH O f,H & | :
——, Y, = =%, and Xy, = ——, respectively.

as & o =

Because the setup is symmetric, we demonstrate the identification of common factors
and country-specific factors using the estimated systematic factors from country 1. We
propose a common factor estimator, f‘l, and a country-specific factor estimator, Gl,
as follows. Let \/7\\/'1 be the (K; x Kj) matrix, the k-th column of which is the k-th
canonical direction (or, the eigenvector of igii ngigé i’le, corresponding to the k-th
largest eigenvalue), such that W’li H1W1 = Ix,. We then partition \/7\\/'1 as [Wf \/7\\7‘{],
where Wf be the (K; x K¢) matrix and \/7\\7‘1"’ be the (K; x K7) matrix. Finally, we
propose the estimators:

F, = H,W¢, G, =HW:.

Canonical Correlation Analysis (CCA) is designed to find linear combinations of two
sets of variables that maximize their correlation. In our two-country setting, because
both ﬁl and ﬁg contain the common factors, CCA will extract the common factors,
which generate correlations of one, and then proceed to the country-specific factors,
which generate correlations strictly less than one. Accordingly, we recover the common
factors from I*AH using the first K¢ cannonical directions and the country-specific factors
from él using the next K7 canonical directions. The following theorem formalizes this

result.

®We choose the matrix Oy so that O} ¥y, O, is an identity matrix and O, Ve, O,V is a diagonal
matrix.
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Theorem 2.2. Under Assumptions 1 and 2, it holds that f‘g L JrFS¢ and ég RS
JrG,S; for some 8¢ such that S8 = X' and some S such that 8385 = 25; for
g=1,2.

Step 2: Estimation of factor loading matrices on common and country-

specific factors Next, we show how to estimate Recall that in Step 1, we introduce

~

R, = P,R,Jr and show the following property of f{g:
R, ~ X,0F J; + X,05G! Jr.

Because we already obtain consistent estimators f"g 2 SYF'J; and CA}; LN S)'G'Ir
from Step 1, ©F and ©; can be recovered by regressing ﬁg on the interaction between

X, and F'. The following theorem formalizes this procedure.

Theorem 2.3. Let @; (a (Ly x K¢) matriz) and (:); (a (Lg x K3) matriz) solve the

following optimization problem:

(85.8;) = arg (éméq | IR, — (X,0°) F — (X,0) G| (2.9)

Under Assumptions 1 and 2, it holds that (:)g LN ©:S“ and (:); LS S~ for some
S¢ such that S8 = X' some S, such that §;S8; = EE,; forg=1,2.

The optimization problem in the above theorem can be transformed into a conventional

ordinary least square problem.

Step 3: Two pathways of portfolio formation We proceed to construct portfolios
which would systematically exploit investment opportunities in foreign markets. It is

convenient to rewrite (2.6) as follows:
R, = (X,0%) (A1} + F') + (X,0) (A1} + GY) + Uy, (2.10)

where U, = I'] (/\gllT +F) + Iy ()‘;]'IT + Glg) + Ey.
Consider (N, x K,) infeasible portfolios Wg = % [Qf, @Z} ([@f] @Z},ng [@S @;D_l :

These portfolios deliver common factors and country-specific factors along with their
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associated premium as follows:

y c s’/ c s -1 c s ’X,X c Qs A1) +F/
w/'R, = ([@g e:]' Vx, (6 @g}) [©¢ O] ng [0 ©7] [ A591,T+ o (2.11)
9T g
/ e st T fae s , XU
+ <[@; @Z] VXg [99 69]) [99 69} E]]V - (2'12)
c/ /
7 | Nl F (2.13)
)\f]l’T + qu

where the last limit follows from Assumptions 1(ii).

The next theorem shows that the feasible analogue of

X /

-1
A ACTAICE R CAc)

g g

w

constructed using the Step 2 results also converges to the same limits, up to a rotation.
S (X1 + F)

S (A1 + GY)
for some 8¢ such that S°S¢ = %! and some S, such that §;S; = 252 forg=1,2.

Theorem 2.4. Under Assumptions 1 and 2, it holds that Wb’R

Y

The implication of the above theorem follows. If we partition W/ into [vAv; W;}
where W¢ is an (N, x K°) matrix and W} is an (N, X K?) matrix, investors can use
the portfolios VAVZ to gain exposure to the country specific factors in country g.

Furthermore, it holds that W¢R; 2 8¢ (A1, + F') and W§Ry & 8¢ (A1}, + FY),
implying that investors can evaluate the difference in risk premia on the common factors
across two countries. In particular, we can measure the difference through time-series

regression as shown in the following theorem.

Theorem 2.5. Regress WSRy on a constant and W{'Ry. Under Assumptions 1 and 2,
the (K¢ x 1) vector intercept converges to SY(A§ — X{) for some 8¢ such that S¢S =
Iy

The above theorem can be translated into practical common-factor hedging strategies.
For example, if an investor finds that the element in the intercept vector is substantially
positive, she can construct a hedging portfolio of buying the portfolio of w§R, while

taking an appropriate short position on the portfolio of w{R,;.
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3 Simulation

This section presents simulation evidence to validate our method, which enables in-
vestors in Country 1 to diversify into Country 2-specific factors and capitalize on dif-
ferences in risk premia between the two countries.

As a representative country pair, we consider the USA for Country 1 and Canada
for Country 2 to calibrate the return-generating process of individual asset returns.
For the factor structure, we consider six systematic factors per country, comprising
three common factors shared across both countries and three country-specific factors.
Applying this specification to the most recent 60-month window from 2018 to 2022, we
estimate betas, residual variance, common factors, and country-specific factors, which
are treated as the true parameters in the simulation.

One of the key assumptions of our method is that we know the true number of
systematic factors for each country and the number of common factors across the two
countries before applying our portfolio construction method. The main purpose of the
simulation exercise is to investigate whether our method works under the correct spec-

ification and to further assess how our results respond when this assumption deviates.

3.1 Effect of the Estimated Total Number of Systematic Fac-

tors

We explore the impact of over- or underestimating the total number of systematic
factors on the correct classification of common and country-specific factors while the
true number of factors is six in the true return generating process for both countries. In
Table 1, we report the mean of estimated canonical correlations over 10,000 repetitions

from K estimated systematic factors from the simulated panel returns of both countries.
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Table 1: Canonical Correlations for Different Numbers of Estimated Systematic Factors
This table reports the average canonical correlations across 10,000 repetitions for varying numbers of
estimated systematic factors (K), comparing cases of underestimation (K = 5), correct estimation
(K = 6), and overestimation (K = 7).

Canonical Correlations 1 2 3 4 5 6 7
K =5, Underestimation 0.9958 0.9368 0.7722 0.2330 0.0698 - -
K = 6, Correct 0.9963 0.9641 0.9389 0.3342 0.1808 0.0566 -

K =7, Overestimation ~ 0.9964 0.9659 0.9418 0.4118 0.2720 0.1540 0.0481

For the correct case (K = 6, the middle row), we find that the first three canonical
correlations are quite high, 0.9963, 0.9641, and 0.9389, and suddenly drop to 0.3342 for
the fourth canonical correlation, consistent with the theoretical prediction, given that
the true number of common factors is three. Such a sudden drop from the third to the
fourth canonical correlation is also evident in both the underestimation case (K = 5,
the first row), where the correlations drop from 0.7722 to 0.2330, and the overestimation
case (K = 7, the last row), where they drop from 0.9418 to 0.4118. This consistent drop
from the third to the fourth canonical correlation highlights the presence of the three
common factors in the economy. However, the underestimation case (K = 5) appears
to impair the accurate recovery of these common factors, as reflected in the lower value
of the third canonical correlation (0.7722), compared to 0.9389 in the correctly specified
case (K = 6) and 0.9418 in the overestimation case (K = 7). Thus, overestimation
appears to be relatively less harmful than underestimation, supporting our baseline

choice of seven as a number of systematic factors in the empirical application.

3.2 Portfolio Performance

We evaluate whether country-specific portfolios or segmentation portfolios effectively

capture their intended profits. To this end, we consider four scenarios:

(A) no segmentation in common factor premia and no risk premia for country-specific
factors: neither country-specific nor segmentation portfolios should deliver posi-

tive outcomes

(B) no segmentation in common factor premia but risk premia exist for country-

specific factors: country-specific portfolios should exhibit positive performance,
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while segmentation portfolios should not

(C) segmentation in common factor premia but no risk premia for country-specific
factors: segmentation portfolios should perform well, while country-specific port-

folios should show no benefits

(D) both segmentation in common factor premia and risk premia for country-specific
factors: both country-specific and segmentation portfolios are expected to perform

well.

Table 2 reports the performance of the two portfolios across different numbers of
estimated common factors (K¢) and country-specific factors (K). We set K¢ = K, = 3
in the true return-generating process for both countries. The four panels (A, B, C, D)

correspond to Scenarios A, B, C, and D, respectively.

Table 2: Sharpe Ratios of Segmentation and Country-Specific Portfolios for Varying
Common and Country-Specific Factors

This table presents the annualized Sharpe Ratios (SR) for segmentation and country-specific
portfolios, estimated for different combinations of common factors (K¢) and country-specific factors
(Ks), with the total number of factors fixed at six. The results are based on 10,000 repetitions. Panel
A corresponds to the case with neither segmentation nor country-specific risk premia. Panel B
corresponds to the case with country-specific risk premia in Country 2 only. Panel C corresponds to
the case with segmentation in risk premia between Country 1 and Country 2 only. Panel D allows for

both country-specific premia and segmentation.

K¢ (Common Factors) 1 2 3 4 5

K, (Country-Specific Factors) 5 4 3 2 1
Panel A: Neither

Segmentation Portfolio SR -0.0136 -0.0154 -0.0424 -0.0460 -0.0462

Country-Specific Portfolio SR 0.0125  0.0099  0.0091  0.0049 -0.0105

Panel B: Country-Specific Premia Only
Segmentation Portfolio SR 0.0116  0.0475 0.0419 0.2911 0.4610
Country-Specific Portfolio SR 0.8652 0.8723 0.8735 0.6783  0.4383

Panel C: Segmentation in Common Factor Premia Only
Segmentation Portfolio SR 0.5518 0.6853 0.7903 0.7822  0.7800
Country-Specific Portfolio SR 0.2333  0.1405 0.0106  0.0065 -0.0232

Panel D: Both
Segmentation Portfolio SR 0.7050 0.8594 0.9598 1.0583 1.1278
Country-Specific Portfolio SR 0.9197 0.8967 0.8766 0.6822 0.4364
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From Panel A (neither segmentation nor country-specific premia), neither the seg-
mentation portfolio nor the country-specific portfolio exhibits positive performance, as
expected, with negative or near-zero Sharpe ratios.

From Panel B (only country-specific premia), the segmentation portfolio shows min-
imal performance when the number of common factors is set for 1, 2, or 3, consistent
with the absence of segmentation in risk premia for the common factors. However,
as K¢ increases over 3, the true number of common factors, the segmentation port-
folio shows some profitability (e.g., 0.2911 for K¢ = 4 and 0.4610 for K¢ = 5), be-
cause country-specific premia are partially misclassified into market segmentation. For
country-specific portfolios, performance increases as K increases from 1 (last column)
to 3 (middle column), from 0.4383 to 0.8735. The performance of the country-specific
portfolio remains robust for Ky = 4,5 (e.g., 0.8723 and 0.8652).

From Panel C (only segmentation in common factor premia), we observe the flipped
result of Panel B, as theory predicts. The segmentation portfolio performs strongly as
the number of estimated common factors increases from 1 (first column) up to the true
value of 3 (middle column) (0.5518 for K¢ = 1 to 0.7903 for K¢ = 3), and remains
robust for K¢ = 4 and K¢ =5 (0.7822 and 0.7800). Conversely, the country-specific
portfolio performs poorly when K is set to 1, 2, or 3. However, as K increases to
4,5 (first two columns), performance improves (e.g., 0.2333 for K, = 5), because the
segmentation in risk premia on the common factor is incorrectly attributed to the risk
premia of country-specific factors.

In Panel D (covering both segmentation and country-specific premia), both port-
folios exhibit robust performance. Consistent with Panels B and C, the segmentation
(country-specific) portfolio’s performance improves as the number of identified common
(country-specific) factors rises from 1 to the true value of 3. However, Panel D shows a
distinct pattern: overestimating common factors elevates the performance of segmen-
tation portfolio (e.g., 1.0583 for K¢ = 4 and 1.1278 for K¢ = 5), as country-specific
factors are erroneously assigned to common factors, generating profit opportunities
for the segmentation portfolio while diminishing the country-specific portfolio’s perfor-
mance. Similarly, overestimating country-specific factors enhances the country-specific
portfolio’s results (e.g., 0.9197 for K, = 5), as common factors are wrongly categorized
as country-specific, boosting profits for the country-specific portfolio at the expense of

the segmentation portfolio.
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4 Empirical Analysis

4.1 Data

Our dataset builds on Jensen et al. (2023) and covers equity markets across 27 countries:
Argentina (ARG), Australia (AUS), Austria (AUT), Belgium (BEL), Brazil (BRA),
Canada (CAN), Chile (CHL), China (CHN), Denmark (DNK), Germany (DEU), Spain
(ESP), France (FRA), United Kingdom (GBR), Hong Kong (HKG), India (IND), Italy
(ITA), Japan (JPN), South Korea (KOR), Mexico (MEX), Norway (NOR), Poland
(POL), Singapore (SGP), Sweden (SWE), Thailand (THA), Turkey (TUR), Taiwan
(TWN), and the United States (USA).% Return data are from CRSP for the United
States and from Compustat for all other countries All accounting data are from Com-
pustat. For international data, all variables are measured in US dollars The sample
periods vary by country, starting as early as January 1966 for the USA and extending
to December 2022 for all countries, as detailed in Table 3.

To ensure data quality, we exclude the smallest 20% of firms in each country, based
on market capitalization in local currency, to mitigate the impact of illiquid or micro-

cap stocks.”

We follow methodology of Jensen et al. (2023) for constructing up to 153 firm
characteristics.® Missing firm characteristics are imputed following the methodology of
Freyberger et al. (2024), which employs a robust framework to preserve missing data
points. Additionally, all firm-level characteristics are rank-normalized to lie within the
[0, 1] interval in each period, preserving cross-sectional information while mitigating the

influence of outliers.

5We retain securities listed on their primary exchange only, thereby avoiding cross-listings.

"Our market cap filter is based on the market capitalization in local currency at the start of the
estimation window, avoiding look-ahead bias. Unlike many studies, we do not winsorize returns. Our
results remain robust to the conventional winsorization method proposed by Ince and Porter (2006).

8We thank the authors for sharing their code.
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Table 3: Summary statistics. This table reports the coverage period, number of firms,
market capitalization (in million USD), cross-sectional sample size within each estima-
tion window, and the average excess returns of individual stocks for each of twenty-seven
countries, listed in alphabetical order. Market capitalization columns include the 25th
percentile (go5), average (Avg.), and 75th percentile (g75). Cross-sectional columns re-
port the minimum (N, ), average (N), and maximum (Nya.,) number of firms used
over the sample period. Excess return columns show the average excess return (p(Rpy))
and the standard deviation (o(Ry,)) of value-weighted market excess returns, expressed
annually.

Market Cap. Cross Section Excess Return
Country Beg. End. # Firms  gos Avg. qrs Npin N Npmax  w(Ry)  o(Ru)
arg Jul-2005  Dec-2022 95 21.55 907.08  479.11 46 54.88 69 0.08  0.39
aus Feb-1986  Dec-2022 3721 8.93 650.58 125.35 117 842.87 1583 0.09  0.22
aut Nov-1999  Dec-2022 153 44.49 1226.49 1226.17 44 61.02 79 0.08 0.23
bel Jan-1991 Dec-2022 286  35.52 1590.81  585.27 44 103.57 133 0.07  0.19
bra Dec-2006  Dec-2022 336 323.76 2419.44 2223.03 61  143.95 216 0.07 0.31
can Jan-1983 Dec-2022 3191 4.02  505.00 81.45 179 751.27 1392 0.09  0.23
chl Feb-1997  Dec-2022 229 153.78 1623.10 1414.77 52 111.80 144 0.19 0.70
chn Jan-1995 Dec-2022 4883 335.38 1255.28 1074.47 40 1430.51 3793 0.08  0.29
deu Jan-1987 Dec-2022 1774 6.96 1220.62  195.40 75 502.61 830 0.05  0.20
dnk Jan-1994  Dec-2022 379  19.62 813.37  221.08 65  126.32 171 0.11  0.18
esp May-1988 Dec-2022 417 175.73 5091.85 2978.30 36 115.99 180 0.06  0.22
fra Jan-1987  Dec-2022 1814  19.91 2386.31  453.87 97  480.59 687 0.07  0.20
gbr Feb-1986 Dec-2022 5548  12.77 1382.21  254.38 258 1225.09 1819 0.06  0.18
hkg Apr-1987 Dec-2022 2872  54.34 1504.17  608.74 38 81420 1963 0.09 0.26
ind May-1989 Dec-2022 5096 11.94 658.76 194.24 41 1298.94 3299 0.11 0.32
ita Jan-1987 Dec-2022 781  72.85 2296.99 1092.67 43 192.64 310 0.04 0.23
jpn Jan-1987  Dec-2022 5648  30.43 94528  369.38 1107 2537.70 3242 0.02  0.20
kor Mar-1989 Dec-2022 3309 22.52 44211 121.12 91 1012.31 2027 0.04  0.32
mex Mar-2001 Dec-2022 195 207.32 3095.61 2506.78 56 82.48 105 0.11  0.22
nor Jun-1993  Dec-2022 664 39.91 1100.65  563.90 54 151.54 269 0.10  0.25
pol Mar-1996  Dec-2022 1176 11.26  349.57  126.11 51  345.52 684 0.06  0.31
Sgp Feb-1989 Dec-2022 1143 21.55  620.93  187.04 42 370.89 660 0.07  0.22
swe Jan-1992  Dec-2022 1336 941  956.02  265.10 52 300.46 653 0.10 0.24
tha Oct-1988  Dec-2022 1121 14.93  327.42  139.11 42 373.80 713 0.08 0.31
tur Dec-1993  Dec-2022 606 30.43 834.56  436.42 50  232.79 419 0.17 047
twn Jan-1989  Dec-2022 2549  35.50  461.45 24847 46  846.08 1691 0.05  0.30
usa Jan-1966 Dec-2022 25603  62.35 3010.13 1269.86 1579 4008.30 6448 0.06  0.16

Returns are calculated as excess returns from the perspective of an US investor,
converted to US dollars (USD) to account for exchange rate effects. Table 3 provides
key statistics for each market, including the number of firms, market capitalization
quartiles (in USD millions), cross-sectional sample sizes (minimum, average, and max-
imum number of firms in each esimtation window), and excess return characteristics

(mean and standard deviation). For example, the USA has the largest sample with total
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25,603 firms over the sample period and an average market capitalization of $3,010.13
million, while Argentina has the smallest with 95 firms and an average market cap-
italization of $907.08 million. Value-weighted market excess returns range from 0.02
(Japan) to 0.19 (Chile) on average, with standard deviations reflecting varying levels
of volatility—highest in Chile (0.70) and lowest in the USA (0.16).

4.2 Implementation

This section outlines the implementation details of our investment strategies. A first
critical choice concerns the length of the estimation window used to apply the theo-
retical results developed in Section 2.2. We adopt a rolling estimation window of 60
months, and all portfolio returns are computed in an out-of-sample fashion, which will
be elaborated later.

Another important modeling decision is the number of systematic factors. We set
the total number of factors to six (K; = Ky = 7), which provides sufficient flexibility
to capture systematic sources of return.? Given this specification, we allocate the seven
systematic factors between common and country-specific components.

Figure 4 illustrates the distribution of canonical correlations between the estimated
factor spaces of Country 1 (USA) and Country 2 across different estimation windows.
The top-left panel displays results when Country 2 is Canada. For instance, the distri-
bution of the first canonical correlation exhibits a vase-shaped pattern clustered right
below the perfect correlation. The red dots indicate the average correlation. The top-
right panel shows results for G7 countries, the bottom-left for non-G7 countries, and
the bottom-right for all 26 countries in our sample.

The canonical correlation between USA and Canada tends to be slightly higher
than in other cases. Nonetheless, the overall pattern is remarkably consistent across
all countries: the first two canonical correlations are high, typically exceeding 0.7, in-
dicating substantial commonality, whereas the sixth and seventh canonical correlations
are consistently low, below 0.2, highlighting the country-specific nature of the final few
factors.

In selecting the number of common factors, we follow the criterion proposed by

Gongalves et al. (2025), which employs a bootstrap method to evaluate the number of

9The qualitative results remain similar as long as the number of systematic factors exceeds five.
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common factors across two groups.!?

We now turn to the out-of-sample implementation of the strategies implied by The-
orems 2.4 and 2.5. Let ¢t denote the last period of the estimation window. Next, we
explain how to implement our strategies in Theorems 2.4 and 2.5 in a out of sample
manner. Let ¢ be the last time period of the estimation window. At time ¢, we have
the (N, x K3) matrix of the country-specific portfolio weight W#, and the (N, x K*)
matrix of the common factor portfolio weight W ;.

Note that we take the perspective of an investor based in Country 1 (USA), seeking
to exploit investment opportunities in Country 2. For the country-specific portfolios,
we consolidate them into a single portfolio as follows. Let ff and if be the sample
mean and the sample variance of the K3 country-specific portfolios over the estimation
window. denote the sample mean and covariance matrix of the K3 country-specific

portfolios over the estimation window. The optimized strategy then holds:
(o) ~s1 (s -1 = s/
Tep1 = Mt <Et> (Wg,tr2,t+1) .

Then, we implement the strategy from Theorem 2.5 to exploit differences in common
factor risk premia between Country 1 and Country 2. Over the estimation window, we
estimate the following vector regression: W¢';ro, = Ay + WW{r - + ¢, where 7 is a
period in the estimation window, A, is a (K¢ x 1) vector and ¥ is a (K¢ x K¢) matrix.
Using ordinary least squares, we obtain estimates of AA, ¥ and the variance of A s

denoted by 5 A, The resulting strategy holds:!'!
iy = A5, (VAVS/,trth - ‘I’VAVfl,trl,tH) :

For the types of portfolios, we normalize the in-sample standard deviation to 20%
annualized to facilitate meaningful comparisons. We report the performance of these

strategies in the next section.

0For robustness, we also consider a fixed specification with K¢ = K$ = 4, and the qualitative
interpretations remain robust.

U This approach is equivalent to the mean-variance optimization using the sample moments of
w§',ry - — Ww{,r1 - over the estimation window.
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4.3 Country Specific Portfolios

In this section, we explore the properties of country-specific portfolios. Table 4 reports
the performance metrics of country-specific portfolios, starting with G7 countries (Panel
A) and extending to non-G7 countries (Panel B). For G7 countries, annualized mean
returns range from 13.24% (Canada) to 21.41% (United Kingdom), with 1% statistical
significance for all countries. Standard deviations are approximately 20% annually,
a calibrated level for in-sample fitting over the estimation window. Sharpe ratios,
indicating risk-adjusted returns, peak at 1.07 for Germany and dip to 0.69 for Japan,
revealing sufficient profitability for country-specific portfolios, even among G7 countries.
Furthermore, correlations with the US market are low, ranging from -0.08 (France) to
0.09 (Canada), the implications of which for an investor holding the US market portfolio

will be elaborated on later.
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Table 4: Country-specific portfolio returns.

This table presents key financial performance metrics of country-specific portfolio returns, using G7
countries (Panel A) and non-G7 countries (Panel B) as Country 2. The metrics include annualized
mean returns (%), annualized standard deviations (%), t-statistics of the average returns, Sharpe
ratios, maximum drawdowns, worst and best monthly returns, and correlations with the US market

(pus). The mean returns, standard deviations and Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best pus
Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
can 13.24 18.93 4.11 0.70 41.47 -18.94 19.11 0.09
deu 20.04 18.81 5.86 1.07 38.71 -11.93 18.04 -0.08
fra 14.33 19.00 4.02 0.75 33.04 -16.35 25.17 0.01
ghr 21.41 20.15 5.42 1.06 38.59 -19.09 23.06 0.01
ita 19.84 19.83 4.95  1.00 38.70 -23.01 18.46 -0.02
jpn 13.54 19.65 4.45 0.69 43.77 -22.01 15.63 0.07
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best pus
Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
arg 20.14 19.07 3.54 1.06 22.96 -10.47 23.99 0.02
aus 16.66 20.96 4.57  0.79 29.42 -16.23 40.68 0.05
aut 19.54 18.93 3.81 1.03 36.14 -13.09 18.61 -0.14
bel 27.49 20.93 7.23 1.31 33.22 -14.78 24.83 -0.08
bra 10.68 21.33 1.63  0.50 32.95 -17.79 18.59 0.10
chl 19.78 21.75 4.65  0.91 50.88 -14.36 27.19 -0.03
chn 17.14 21.38 3.26 0.80 47.28 -19.60 22.59 -0.04
dnk 26.71 22.06 5.87 1.21 29.91 -18.43 21.02 -0.02
esp 18.79 20.11 5.39 0.93 34.48 -16.84 24.38 0.05
hkg 21.87 20.40 6.94 1.07 32.45 -23.01 26.09 0.10
ind 18.01 20.02 4.06 0.90 40.30 -16.09 21.62 -0.07
kor 11.39 19.68 2.62 0.58 50.19 -15.89 25.05 0.02
mex 22.92 21.03 4.19 1.09 39.66 -21.93 20.86 0.03
nor 18.14 22.34 3.88 0.81 60.58 -22.76 25.27 -0.01
pol 19.54 21.67 3.64 0.90 37.27 -22.24 23.41 -0.07
sgp 24.22 20.84 5.40 1.16 34.21 -13.83 29.82 0.09
swe 20.18 22.10 4.56  0.91 40.78 -28.07 37.55 -0.03
tha 12.47 19.23 3.62 0.65 44.87 -25.35 25.65 -0.02
tur 22.67 20.81 4.71 1.09 32.10 -18.28 29.24 -0.03
twn 12.10 19.32 3.14 0.63 49.63 -12.60 17.14 0.02

The results for non-G7 countries in Panel B convey a similar message. Annualized
mean returns range from 11.39% (Korea) to 27.49% (Belgium), with Sharpe ratios
peaking at 1.31 for Belgium. Correlations with the US market remain low, typically

near zero or slightly negative, much like those for G7 countries.
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Not only the strong performance of country-specific portfolios, an investor holding
the US market portfolio would find also the low correlation with the US market, as
reported in the last column of Table 4, particularly attractive. Additionally, we examine
correlations among country-specific portfolios. The top-left plot of Figure 1 presents a
heatmap of correlations for country-specific portfolios of G7 countries, revealing very
low correlations among them. In contrast, the top-right plot shows substantially higher
correlations among market portfolios of G7 countries, including USA. Consistent results
are found for non-G7 countries: the bottom-left plot indicates low correlations among
country-specific portfolios, while the bottom-right plot shows high correlations among
market portfolios of non-G7 countries. The high performance and low correlations with
the US market and among country-specific portfolios create an ideal environment for

diversification benefits, which we explore further.
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Figure 1: Correlation Heatmaps of Country-Specific and Market Portfolios.

This figure displays heatmaps of correlations across different portfolios. The top-left panel shows
correlations among country-specific portfolios of G7 countries. The top-right panel presents correlations
among market portfolios of G7 countries, including USA. The bottom-left panel illustrates correlations
among country-specific portfolios of non-G7 countries. The bottom-right panel depicts correlations

among market portfolios of non-G7 countries.
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Firstly, we report the mean-variance improvement when the US market portfolio is
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combined with other country-level market portfolios in the top plot of Figure 2. The
blue line, USA4+G7(MKT), represents an equal-weighted investment in the US market
portfolio and the average of the market portfolios of G7 countries. The green line,
USA+Non-G7(MKT), represents an equal-weighted investment in the US market port-
folio and the average of the market portfolios of non-G7 countries. The purple line,
USA+World(MKT), represents an equal-weighted investment in three assets: the US
market portfolio, the average G7 market portfolio, and the average non-G7 market port-
folio. Across all three cases, combining the US market with other country-level market
portfolios yields little improvement or, in some instances, deteriorates performance.
These findings align with skeptical views on the benefits of international diversification
(see Carrieri et al. (2007), Quinn and Voth (2008), Pukthuanthong and Roll (2009)).

Figure 2: Diversification Benefits.

This figure illustrates the mean-variance expansion of the US market portfolio through investments
in international assets. The left panel shows the effect on the mean-variance efficiency from includ-
ing country-level market portfolios: The blue line, USA + G7 (MKT), represents an equal-weighted
investment in the US market portfolio and the average of the market portfolios of G7 countries. The
green line, USA + Non-G7 (MKT), represents an equal-weighted investment in the US market port-
folio and the average of the market portfolios of non-G7 countries. The purple line, USA + World
(MKT), represents an equal-weighted investment in three assets: the US market portfolio, the average
G7 market portfolio, and the average non-G7 market portfolio. The right panel repeats the same
exercise, replacing the foreign countries’ market portfolios with country-specific portfolios (CS) and

reports the results. Returns are in excess of the risk-free rate and annualized.
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However, when we replace country-level market portfolios with country-specific (CS)

portfolios, we observe a substantial improvement of mean-variance efficiency, as shown
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in the bottom panel of Figure 2. Combining US market with country-specific portfolios
yields higher expected returns with lower standard deviations. Table 5 reports the
numerical results of Figure 2. For an investor holding half US market and half the
average of country-specific portfolios of G7 countries (USA+G7(CS)), the mean excess
return is 12.80% with a standard deviation of 8.89%, significantly better than the
8.58% mean excess return and 15.30% standard deviation of US market alone. The
substantial reduction in standard deviation can be explained by the low correlations
with US market and among country-specific portfolios. Furthermore, if an investor
holds one-third US market, one-third the average of country-specific portfolios of G7
countries, and one-third that of non-G7 countries (USA+World(CS)), the Sharpe ratio
nearly quadruples compared to holding only US market portfolio.

Table 5: Diversification Benefits.

This table presents the mean return, standard deviation, and Sharpe ratio for the US market portfolio,
its combination with other country-level market portfolios, and its combination with country-specific
portfolios. The USA + G7 (MKT) denotes an equal-weighted portfolio of the US market and the aver-
age G7 countries’ market portfolios. The USA + Non-G7 (MKT) denotes an equal-weighted portfolio
of the US market and the average non-G7 countries’ market portfolios. The USA + World (MKT)
denotes an equal-weighted portfolio comprising the US market, the average G7 market portfolio, and
the average non-G7 market portfolio. The table also presents results where foreign market portfolios
are replaced by country-specific portfolios (CS). All returns are in excess of the risk-free rate, and all

statistics are annualized.

Standard Sharpe

Portfolio Mean (%) Deviation (%) Ratio
USA 8.58 15.30 0.56
GT7 (MKT) 5.34 16.31 0.33

Panel A: Passive diversification
USA + G7 (MKT) 6.96 15.12 0.46
USA + Non G7 (MKT) 8.74 16.11 0.54
USA + World (MKT) 7.61 15.85 0.48
Panel B: Factor-based diversification

USA + G7 (CS) 12.80 8.89 1.44
USA + Non G7 (CS) 13.50 8.33 1.62
USA + World (CS) 14.67 6.33 2.32

Overall, we find that the individual performance of country-specific portfolios is su-
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perb. Furthermore, country-specific portfolios provide significant diversification benefits
due to their low correlations, enhancing mean-variance efficiency for investors holding

US market.

4.4 Segmentation Portfolios

Next, we examine the properties of segmentation portfolios. In contrast to country-
specific portfolios, which are grounded in the classical mean-variance framework for
efficiency enhancement as proposed by Markowitz (1952), segmentation portfolios ex-
ploit the segmentation of financial markets between two countries. In our framework,
this segmentation is manifested through differences in risk premia across markets. Fur-
thermore, the profitability of segmentation portfolios can be interpreted as empirical
evidence of market segmentation — an issue central to global financial market equilib-
rium.

Table 6 presents a detailed analysis of segmentation portfolio returns, divided into
two panels: Panel A for G7 countries and Panel B for non-G7 countries. In Panel
A, Japan stands out with the highest mean return (31.30%), while other G7 countries
also exhibit notably high returns. Standard deviations are approximately 20% annually,
close to the calibration. As expected, segmentation portfolios show very low correlations
with the US market, since common risks are intentionally designed to be cancelled
out. Overall, the strong performance of these portfolios challenges the widely held
assumption of tight integration among developed markets.

The same assessment holds for non-G7 countries. In Panel B, Singapore leads with
a mean return of 30.55% and a Sharpe ratio of 1.33, while all other non-G7 countries
generate statistically significant returns. The strong performance of segmentation port-
folios provides further evidence of market segmentation between the US and non-G7
countries.

Next, we investigate whether segmentation portfolio returns are driven by global
forces or are independent across different choices of Country 2. To this end, Figure
5 reports correlations among segmentation portfolios. The top-left plot presents a
heatmap of correlations for segmentation portfolios of G7 countries, revealing very low
correlations among them. For comparison, the top-right plot shows substantially higher

correlations among market portfolios of G7 countries, including the USA. Consistent
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results are found for non-G7 countries: the bottom-left plot indicates low correlations
among segmentation portfolios, while the bottom-right plot shows high correlations
among market portfolios of non-G7 countries. These results suggest that the drivers
of segmentation portfolio returns may not stem from global impediments to market
integration.

It is worth noting that the independence of segmentation portfolios is not driven
by the independence of common factors across different choices of Country 2. Rather,
segmentation portfolios are constructed to hedge out exposures to common factors and
to take positions on differences in the risk premia of those factors. In fact, we find
strong commonality among the common factors across different choices of Country 2.

Figure 6 illustrates the distribution of average canonical correlations across two
sets of common factors. For each pair of countries selected as candidates for Country
2, we identify three common factors with USA (Country 1), compute the canonical
correlations between the two sets of three common factors over a short window, and
then average them over time. Wider sections indicate higher density, and red dots
represent the mean level. The red color denotes pairs of countries (candidates for
Country 2) both drawn from non-G7 countries, whereas the blue color denotes pairs
drawn from G7 countries. The first canonical correlation remains persistently high—
mostly above 0.8-indicating that at least one factor is global in nature. In contrast, the
third canonical correlation tends to be below 0.3, suggesting that the number of global

factors across the common factor spaces is likely fewer than three.
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Table 6: Segmentation portfolio returns

This table presents key financial performance metrics of segmentation portfolio returns, using G7
countries (Panel A) and non-G7 countries (Panel B) as Country 2. The metrics include annualized
mean returns (%), annualized standard deviations (%), t-statistics of the average returns, Sharpe
ratios, maximum drawdowns, worst and best monthly returns, and correlations with the US market

(pus). The mean returns, standard deviations and Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard . Sharpe Maximum Worst Best S
Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
can 16.83 23.20 4.76  0.73 37.76 -24.67 20.83 0.01
deu 24.41 22.29 6.29 1.09 38.54 -16.78 22.59 -0.03
fra 19.72 22.70 4.66 0.87 42.49 -22.84 29.12 0.02
gbr 23.70 26.19 4.98 0.90 60.44 -54.64 24.26 -0.06
ita 24.15 24.29 5.08 0.99 47.79 -18.26 22.03 -0.05
jpn 31.30 22.15 7.52 1.41 41.08 -14.32 31.56 0.08
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard ; Sharpe Maximum Worst Best P
Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
arg 13.37 23.41 1.83  0.57 55.62 -12.99 38.68 0.03
aus 20.51 27.43 3.96 0.75 46.52 -15.14 93.11 -0.04
aut 12.94 21.76 2.19 0.59 45.91 -22.11 18.16 0.10
bel 15.96 22.27 3.49 0.72 65.37 -16.97 29.67 0.09
bra 10.81 21.19 1.50 0.51 33.75 -12.86 18.93 0.14
chl 16.29 21.29 2.68 0.77 52.18 -19.25 21.53 -0.06
chn 16.30 24.27 2.84 0.67 44.92 -21.20 27.77 -0.01
dnk 20.15 23.92 4.09 0.84 40.87 -23.28 29.77 0.02
esp 19.40 23.20 4.30 0.84 43.04 -24.53 22.99 0.03
hkg 16.34 22.19 3.76  0.74 36.73 -19.48 29.92 0.05
ind 18.08 23.61 4.25 0.77 49.09 -26.59 22.86 -0.02
kor 17.13 21.85 3.59 0.78 73.19 -24.84 28.73 -0.01
mex 12.08 20.80 2.11 0.58 50.88 -16.47 14.61 0.05
nor 17.92 21.82 3.82 0.82 47.38 -21.90 26.51 0.00
pol 20.59 22.96 3.70 0.90 39.45 -21.43 40.48 0.09
sgp 30.55 22.99 6.46 1.33 32.28 -22.26 26.97 0.02
swe 24.72 23.17 5.29 1.07 40.77 -32.50 23.93 -0.04
tha 21.88 23.87 4.42 0.92 57.51 -27.18 22.88 0.05
tur 14.50 20.01 3.58 0.72 35.65 -12.62 26.10 0.00
twn 21.89 21.35 5.19 1.03 36.64 -31.84 18.77 -0.02
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5 Additional Empirical Analysis

Other Base Currencies: GBP and JPY Recall that our interest lies in uncovering
hidden investment opportunities in international markets for US investors focusing on
the US market portfolio. Accordingly, we translate all international stock returns into
USD and apply our theoretical procedures.

Yet, in a world dominated by the USD, the return patterns we observe may reflect
more than market integration structure-they may be shaped by the hegemony of a
USD currency. Because our theoretical framework should not depend on the choice of
currency, our results are supposed to be robust to the currency in which returns are
denominated. To test this, Tables 13 and 14 report the performance of country-specific
and segmentation portfolios in GBP, while Tables 15 and 16 report the corresponding
results in JPY.

We find that both the quantitative and qualitative results are comparable to the
USD-denominated results reported in Tables 4 and 6, confirming the robustness of our
findings and suggesting that the underlying investment opportunities exist indepen-

dently of the arbitrary dominance of any single currency.

Exchange Rate Risk We conduct additional risk-based analyses in the international
market. First, we examine the exposure of our portfolios to changes in exchange rates

by estimating
re = e+ X A(Exchange Rate vs. USD)y + e,

where ¢ indexes country pairs. Table 7 shows that the coefficient on exchange rate
changes is not economically significant for either the country-specific portfolios (Panel
A) or the segmentation portfolios (Panel B).

Following Verdelhan (2018), who identify two systematic risks in currency markets,
we also estimate

re = a+ [ X Carry, + 5 x Dollar; + ue,

where Carry, denotes the difference in exchange rate changes between high- and low-
interest-rate countries, and Dollar; represents the average change in exchange rates.

The results, reported in Table 7, are again not significant for either portfolio type, sug-

37



gesting that the profitability of our portfolios does not arise from systematic exposure

to currency risk factors.

Table 7: Exchange Rate Risk Analysis

This table reports the estimated coefficients from the following regressions: 7,4 = a. + 8 X
A(Exchange Rate vs. USD). + uee and 7o = a. + (1 x Carry, + B2 x Dollar; + u., where ¢ in-
dexes the 26 country pairs. Carry, denotes the difference in exchange rate changes between high- and
low-interest-rate countries, and Dollar; represents the average change in exchange rates. Standard
errors are clustered by time and reported in parentheses.

Panel A: Country-specific Panel B: Segmentation

(1) (2) (3) (4)

A(Exchange Rate vs. USD)  0.009 0.023
(0.035) (0.040)
Carry 0.042 0.015
(0.041) (0.056)
Dollar 0.004 0.042
(0.055) (0.075)

Fixed Number of Common Factors A key parameter in our application is the
number of common factors. Although we typically select this number using the boot-
strap method of Gongalves et al. (2025), here we intentionally fix it at four-an arbitrary
choice-to test robustness. The results remain largely unchanged, as shown in Tables 11

and 12, which closely mirror the main findings in Tables 4 and 6.

Down-Market Exposure We have emphasized that our country-specific and seg-
mentation portfolios offer distinctive value to US investors, largely owing to their near
independence from the US market index. This independence suggests a rare opportu-
nity for diversification in an increasingly synchronized global economy. Yet, as with
many perceived advantages, it is natural to question whether this benefit endures when
the stock market turns unfavourable to US investors during US market downturns. To

examine this, we estimate

Tet = Qe + 1 X Mkty + B x Mkt x 1(Mkt; < threshold) + u.,
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where r; denotes the return of either a country-specific or segmentation portfolio over 26
pairs, and Mkt, represents the U.S. market excess return. The coefficient S5 captures the
incremental sensitivity of the portfolio to adverse US market conditions. We consider
two thresholds for defining such conditions: 0 percent and -5 percent market returns.
Table 8 presents the results. For both country-specific portfolios (Panel A) and
segmentation portfolios (Panel B), we find no evidence that returns become more vul-
nerable during US market downturns. This resilience reinforces our central argument:
even when the US market contracts, these portfolios remain to provide benefits to US
investors.
Table 8: Resilience to Down-Market.
This table reports the estimated coefficients from the regression ro = a. + 81 X Mkt; + B2 x Mkt X
1(Mkt; < threshold) + u.;, where r. denotes either a country-specific portfolio or a segmentation
portfolio, and Mkt; represents the U.S. market excess return. The coefficient S5 captures the additional
sensitivity of portfolio returns to the U.S. market when the market return falls below the specified

threshold. Thresholds of 0 percent and —5 percent are considered. Standard errors are clustered by

time and reported in parentheses.

Panel A: Country-specific Panel B: Segmentation

(1) (2) (3) (4)

Mkt 0.010 0.010 —0.020 —0.012
(0.030) (0.022) (0.040) (0.029)
Mkt x 1 (Mkt < 0) ~0.013 0.067
(0.049) (0.067)
Mkt x 1 (Mkt < —5%) —0.017 0.063
(0.036) (0.050)

Profitability Persistence Our study is motivated by a recurring concern in the
international finance literature that the increasing comovement among country-level
equity indices in recent decades signals the erosion of international diversification ben-
efits. We examine whether similar concerns - the erosion of benefits over time - are
relevant for our proposed portfolio strategies. Our sample, which begins in the late
1980s or 1990s depending on country pairs, enables us to revisit this issue. Specifi-

cally, we investigate whether the profitability of the country-specific and segmentation
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portfolios has declined in more recent periods.

We estimate
2022

Tt = Q¢ + Z Byear X 1(t = Yeal”) + Uet,
year=1992

where r, denotes either a country-specific or segmentation portfolio return. The coef-
ficient Byear would reveal any specific differences in the realized returns and

Figure 3 presents the estimation results. For both the country-specific (left) and
segmented (right) portfolios, the estimated coefficients for the year dummies are not
statistically significant at the 5% level in any case. Additionally, there is no clear trend

suggesting a decline in profitability in recent years.

Figure 3: Profitability Persistence Over Time.

This table reports the estimated coefficients Sycar from the regression

Tet = Qe + 23233:1992 Byear X 1(t = year) + uc, where o denotes either a country-specific (left) or
segmentation (right) portfolio return. The solid line represents the estimated coefficients, and the gray

area indicates the 95% confidence intervals, computed using time-clustered standard errors.

Country-specific Portfolios Segmentation Portfolios

Estimated Coefficient
Estimated Coefficient

2000 2010 2020 2000 2010 2020
Year Year

6 Conclusion

This paper proposes a framework for examining pairs of large cross-sectional markets.
We apply this framework to international financial markets and further propose alter-
native approaches for exploiting overseas investment opportunities. Our findings reveal
substantial potential for enhancing investment opportunities through international mar-

kets. In contrast to the country-level market indexes, which do not improve performance
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significantly when mixed with the US market, country-specific factors yield significant
improvements in mean-variance efficiency, driven by high performance and low corre-
lations with the US market. Naive international diversification over our sample period
yields Sharpe ratios between 0.48 and 0.56. Our approach to exploiting country-specific
risk premia yields Sharpe ratios from 1.44 to 2.32.

Furthermore, we identify opportunities to capitalize on differences in compensation
for common risk factors across countries. Our approach to exploiting pairwise cross-
country differences in the pricing of common risks yields Sharpe ratios from 0.73 to 1.41

for G7 countries and from 0.57 to 1.33 for non-G7 countries.
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A Additional Tables

Table 9: Country-specific portfolio returns. (K¢ = K7 = Kj = 1) This table presents
key financial performance metrics of country-specific portfolio returns, using G7 coun-
tries (Panel A) and non-G7 countries (Panel B) as Country 2. The metrics include
annualized mean returns (%), annualized standard deviations (%), t-statistics of the
average returns, Sharpe ratios, maximum drawdowns, worst and best monthly returns,
and correlations with the US market (pys). The mean returns, standard deviations and
Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best pus
Deviation (%) ’ Ratio Drawdown (%) Month (%) Month (%)
can 5.08 21.02 1.37 0.24 66.03 -25.50 38.69 0.07
deu 10.76 19.02 2.71 0.57 59.95 -21.80 17.44 -0.09
fra 2.97 20.95 0.72 0.14 80.37 -28.11 19.08 -0.08
ghr 8.17 22.84 1.67  0.36 73.33 -37.25 20.74 -0.02
ita 6.82 17.92 2.26  0.38 50.03 -31.68 20.24 -0.01
jpn 9.86 18.68 2.88  0.53 40.37 -14.80 17.19 0.05
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best pus
Deviation (%) Ratio  Drawdown (%) Month (%) Month (%)
arg 1.13 19.87 0.26 0.06 49.46 -19.91 29.47 0.03
aus 8.01 20.56 2.06  0.39 65.98 -16.68 44.56 -0.06
aut 11.09 18.05 2.30 0.61 46.86 -15.62 17.97 0.01
bel 10.97 21.26 2.62 0.52 52.11 -26.49 30.25 0.02
bra 9.08 22.92 1.13 0.40 40.20 -19.27 35.81 -0.05
chl 10.86 24.22 1.92 0.45 64.15 -19.29 36.73 -0.02
chn 4.42 20.74 1.07 0.21 54.95 -23.81 21.46 -0.03
dnk 12.85 23.78 2.35 0.54 66.36 -22.26 23.15 0.01
esp 14.31 22.22 3.47 0.64 51.86 -29.77 38.19 -0.04
hkg 4.28 21.85 1.07 0.20 76.38 -24.62 31.56 0.03
ind 2.05 22.47 0.50 0.09 87.36 -35.51 20.23 -0.04
kor 12.54 19.79 2.83 0.63 61.35 -20.63 21.74 -0.04
mex 11.24 21.77 2.05 0.52 41.56 -19.73 30.68 -0.09
nor 9.65 19.88 2.07 0.49 58.43 -15.92 22.93 0.02
pol 15.80 20.74 3.01 0.76 42.08 -12.24 38.87 0.08
sgp 9.04 20.44 2.52 0.44 49.35 -20.23 34.87 0.03
swe 2.96 19.58 0.63 0.15 70.16 -27.04 18.81 0.05
tha 11.58 20.04 2.70 0.58 50.42 -20.36 27.08 0.11
tur 13.00 21.29 2.98 0.61 31.42 -18.65 39.26 0.12
twn 4.47 18.71 1.44 0.24 60.71 -16.93 25.97 0.07
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Table 10: Segmentation portfolio returns. (K¢ = K; = Kj = 1) This table presents
key financial performance metrics of segmentation portfolio returns, using G7 coun-
tries (Panel A) and non-G7 countries (Panel B) as Country 2. The metrics include
annualized mean returns (%), annualized standard deviations (%), t-statistics of the
average returns, Sharpe ratios, maximum drawdowns, worst and best monthly returns,
and correlations with the US market (pys). The mean returns, standard deviations and
Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best P
' Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
can 4.52 20.61 1.29 0.22 54.86 -16.68 17.70 0.02
deu 12.36 20.64 3.36 0.60 39.34 -18.23 20.49 0.08
fra 3.02 20.58 0.70 0.15 79.38 -21.25 19.81 0.05
gbr -1.44 20.19 -0.39  -0.07 67.51 -18.21 19.44 0.03
ita 7.27 21.54 1.87 0.34 60.54 -27.18 23.75 0.07
jpn 3.85 18.49 1.27 0.21 56.57 -14.16 30.02 0.11
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best pus
Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
arg 9.77 21.20 1.59 0.46 45.94 -18.85 19.05 0.16
aus 8.30 21.35 2.27 0.39 39.93 -14.29 48.57 0.07
aut 9.78 20.85 1.89 0.47 47.79 -19.07 24.72 0.09
bel 7.11 20.87 1.48 0.34 57.79 -18.39 21.71 0.09
bra 9.31 21.93 1.48 0.42 35.74 -19.25 17.62 -0.05
chl 11.19 19.47 2.58 0.57 61.17 -15.67 19.27 0.09
chn 7.06 20.12 1.63 0.35 48.86 -14.85 36.04 0.12
dnk 7.55 20.51 1.66 0.37 52.53 -16.56 19.04 0.02
esp 8.63 18.33 2.59 0.47 54.97 -17.25 18.18 0.03
hkg 14.25 20.19 3.71 0.71 41.88 -19.57 24.61 0.01
ind 3.65 19.78 0.93 0.18 59.51 -18.38 26.09 0.04
kor 10.18 21.73 2.35 0.47 40.88 -21.09 25.95 0.03
mex 10.03 20.31 2.00 0.49 46.49 -14.19 16.65 0.08
nor 9.36 19.99 2.15 0.47 42.06 -17.02 16.45 0.00
pol 5.30 19.81 1.40 0.27 40.54 -17.69 15.79 0.12
Sgp 6.19 20.51 1.41 0.30 56.93 -26.05 28.63 0.05
swe 3.94 20.01 1.05 0.20 68.61 -14.69 16.42 0.05
tha 5.10 19.89 1.48 0.26 46.36 -26.01 17.84 0.05
tur 13.63 20.32 3.04 0.67 33.29 -15.53 32.05 0.01
twn 4.31 18.14 2.08 0.24 33.84 -16.32 16.71 -0.03
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Table 11: Country-specific portfolio returns. (K¢ = 4, K = Kj = 3) This table
presents key financial performance metrics of country-specific portfolio returns, using
GT7 countries (Panel A) and non-G7 countries (Panel B) as Country 2. The metrics
include annualized mean returns (%), annualized standard deviations (%), t-statistics
of the average returns, Sharpe ratios, maximum drawdowns, worst and best monthly
returns, and correlations with the US market (pys). The mean returns, standard devi-
ations and Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best P
; Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
can 13.24 18.93 4.11 0.70 41.47 -18.94 19.11 0.09
deu 18.37 18.74 5.42 0.98 38.71 -11.93 18.04 -0.09
fra 14.33 19.00 4.02 0.75 33.04 -16.35 25.17 0.01
gbr 21.41 20.15 5.42 1.06 38.59 -19.09 23.06 0.01
ita 17.96 19.75 451 091 38.70 -23.01 16.86 -0.03
jpn 13.54 19.65 4.45  0.69 43.77 -22.01 15.63 0.07
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best P
Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
arg 13.21 20.55 2.18 0.64 34.15 -22.25 24.63 -0.04
aus 15.11 20.68 4.19 0.73 30.44 -16.23 40.68 0.07
aut 13.41 19.37 2.75 0.69 35.17 -15.52 20.70 -0.06
bel 21.74 20.72 5.97 1.05 33.22 -14.78 25.93 -0.09
bra 7.35 21.20 1.27 035 27.38 -17.79 18.59 0.08
chl 10.12 21.11 2.37 0.48 58.90 -14.36 27.19 -0.02
chn 17.46 20.77 3.46 0.84 47.28 -19.60 21.76 -0.02
dnk 24.67 21.98 5.30 1.12 3241 -18.43 16.90 -0.05
esp 13.64 21.45 3.80 0.64 44.63 -22.17 24.19 0.06
hkg 16.57 19.94 513  0.83 59.41 -23.37 26.09 0.07
ind 15.47 19.32 3.75  0.80 50.16 -16.09 21.62 -0.07
kor 11.77 19.84 2.62 0.59 51.05 -15.89 20.20 0.01
mex 19.38 20.26 4.14 0.96 33.11 -21.93 20.86 -0.01
nor 16.59 21.43 3.89 0.77 60.58 -22.76 18.04 -0.01
pol 16.49 21.05 3.16 0.78 43.99 -22.24 23.41 -0.09
sgp 22.00 19.75 525  1.11 38.58 -13.83 29.82 0.09
swe 18.57 23.10 4.02 0.80 49.14 -28.07 37.55 -0.04
tha 12.90 18.93 3.74 0.68 40.64 -25.35 24.03 -0.02
tur 16.97 20.00 3.86 0.85 32.10 -18.28 22.87 -0.05
twn 10.27 19.50 259  0.53 49.63 -19.48 16.50 0.00
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Table 12: Segmentation portfolio returns. (K¢ =4, K; = K5 = 3) This table presents
key financial performance metrics of segmentation portfolio returns, using G7 coun-
tries (Panel A) and non-G7 countries (Panel B) as Country 2. The metrics include
annualized mean returns (%), annualized standard deviations (%), t-statistics of the
average returns, Sharpe ratios, maximum drawdowns, worst and best monthly returns,
and correlations with the US market (pys). The mean returns, standard deviations and
Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best P
. Deviation (%) Ratio  Drawdown (%) Month (%) Month (%)
can 16.83 23.20 4.76  0.73 37.76 -24.67 20.83 0.01
deu 25.61 22.30 6.37 1.15 38.54 -16.78 22.59 -0.02
fra 19.72 22.70 4.66 0.87 42.49 -22.84 29.12 0.02
gbr 23.70 26.19 4.98 0.90 60.44 -54.64 24.26 -0.06
ita 25.58 24.14 4.63  1.06 72.65 -33.08 22.03 -0.05
jpn 31.30 22.15 7.52 1.41 41.08 -14.32 31.56 0.08
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best P
Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
arg 24.92 20.07 4.09 1.24 24.60 -11.22 20.24 0.06
aus 22.62 27.12 4.49 0.83 46.52 -15.16 93.11 -0.04
aut 26.06 18.08 5.501 1.44 28.11 -12.99 18.62 0.00
bel 26.72 21.38 6.88 1.25 27.96 -17.60 29.67 -0.01
bra 16.52 21.93 2.35 0.75 28.62 -14.66 18.93 0.14
chl 29.35 21.81 570 1.35 36.07 -16.90 23.04 -0.05
chn 19.49 22.83 3.89 0.85 37.70 -22.58 27.77 0.00
dnk 23.78 23.99 4.76  0.99 33.82 -23.28 29.77 0.00
esp 27.18 21.27 6.34 1.28 44.94 -24.66 18.91 0.04
hkg 16.45 21.41 4.11 0.77 36.40 -19.84 26.17 0.11
ind 27.26 22.58 6.74 1.21 34.01 -20.92 27.03 -0.06
kor 20.25 21.69 4.49 0.93 51.07 -12.74 28.73 0.02
mex 24.09 20.15 5.02 1.20 21.48 -16.11 17.78 0.06
nor 20.06 21.18 4.56 0.95 42.86 -14.22 26.51 0.00
pol 23.97 22.85 4.62 1.05 33.16 -21.43 40.48 0.08
sgp 33.70 23.06 6.73 146 34.75 -18.27 31.24 0.01
swe 27.47 23.09 5.75 1.19 40.77 -32.50 25.22 -0.03
tha 24.30 24.74 4.90 0.98 61.97 -27.18 46.23 0.09
tur 20.84 21.62 4.48 0.96 33.36 -12.27 30.98 0.07
twn 25.39 21.65 6.08 1.17 34.15 -31.84 20.14 0.03
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B Additional Figures

Figure 4: Canonical correlations. The vase-shaped figure illustrates the distribution of
canonical correlations between the systematic factors of Country 1 (USA) and those of
Country 2. Wider sections indicate higher density and red dots represent the average
correlation. The top-left panel presents results with Canada as Country 2. The top-
right panel shows results for G7 countries, the bottom-left for non-G7 countries, and
the bottom-right for all 26 countries in the sample.
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Figure 5: Correlation Heatmaps of Segmentation and Market Portfolios.

This figure displays heatmaps of correlations across different portfolios. The top-left panel shows
correlations among country-specific portfolios of G7 countries. The top-right panel presents correlations
among market portfolios of G7 countries, including USA. The bottom-left panel illustrates correlations
among country-specific portfolios of non-G7 countries. The bottom-right panel depicts correlations

among market portfolios of non-G7 countries.
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Figure 6: Canonical Correlation across Common Factors.

The vase-shaped figure illustrates the distribution of average canonical correlations across two sets
of common factors. We select two countries as candidates for Country 2 and identify three common
factors with USA (Country 1) for each of them. Then, we compute the canonical correlations between
the two sets of three common factors over a short window and take their average over time. Wider
sections indicate higher density, and red dots represent the mean level. The red color denotes pairs
of countries (candidates for Country 2) both drawn from non-G7 countries, whereas the blue color

denotes pairs drawn from G7 countries.
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C Proofs

Lemma C.1. Let Ly be a lower triangular matriz such that HiJrH, = L,Ly. From
the eigendecompotion of Ly Ve Ly, find Uy such that Ly Ve L, = U,DU}, where D is
a diagonal matriz and U, U, = I, . Define O, as L;_lUg. Then, it holds

(i) O.H JrH Oy is an identity matriz, and

(i1) O;'Ve, 0, is a diagonal matriz.

Proof First, we show (i) O, H; JrH O, is an identity matrix. Note that
O/H! J;H,0, = U,L;'L,L LU, = U/U, = Iy,

where the last equality is from the property of U,.
We move to the next claim. Note that O, = U_'L] = U, L/, which in turn gives,

0,'Ve,0," = U L, Ve, L,U, = U,U,DU; U, = D,

where the second equality is from the eigendecompotion of L} Vg L, and the last equal-

ity is from the property of U,. This completes the proof of the lemma. O

Proof of Theorem 2.1 The following three steps complete the proof.
Step 1. % RS JrH, Ve H,J7: From (2.8), we have that

IA{g =1+ J2+ J3+ Ja, (C.1)

where jl = Xg@nggJT, jg = PgF;F,JT, j3 = PgFZG/gJTa and j4 = PgEgJT. Then,

ﬁ, ﬁ .-
g9 ]k]l
o _ Z _Ng ) (C.2)
k,l=1,2,3,4
Note that
- @l Xl X @
1]151 — J.H, %99 HJr N JrH, Ve, H, J7, (C.3)

g
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where the limit is from Assumption 2(i), and that

.y - c c c =1 ~77 1c
bjs  JrFTYPIF Iy rex, (X;XQ) X/Te

= = JT F JT —) Or T, (C4)
Ng Ng Ng Ng Ng )

where the limit is from Assumptions 1(i) and 1(ii), and that

.y . s s s =1 ~7771s
JhJs JTGgFg/PgFgG;JT Fg'Xg X;Xg XgFg ,

= =JrG G,J 0 C5
Ng Ng 7y Ng Ng Ng T—> TXT) ( )

where the limit is from Assumptions 1(i) and 1(ii), and that

23 B Opur, (C.6)

Jada _ JrE P E,Jr . E/ X, (X!X,\ ' X/E
N, N, TN, N, N,

g g g g

where the limit is from Assumptions 1(i) and 1(ii). From (C.3)-(C.6) and the submul-

tiplicativity of Frobenius norm, we have that

J1]l J1 Ji ]i]1> (Jf]l> P
< —qftr| == )tr{ == | =0 C.7
5 < 1=l \/ (%)= (% ()

for [ = 2, 3,4 and that

Jidi B j;;jk> (]ﬁz) P
=q/tr[=—|tr| == ] =0 C.8
P < Il \/(N o 8

for k,1 = 2,3,4. By plugging (C.3)-(C.8) into (C.2), we confirm the claim of Step 1.
Step 2. The k-th column of JyH,O,4, where O, is given by Lemma C.1, is the k-th
eigenvector of JTHgV@gH’gJT: Note that

JrH, Ve H Jr = IrH,0, (0,'Ve,0,") O'H, Jr. (C.9)

Given the properties of O, in Lemma C.1, the claim directly follows. Step 3. ﬁg TN
JrH,0O,: The claim holds due to the continuity of the eigendecomposition. This com-
pletes the proof of the theorem. []

3 s ﬁ/ JTﬁg ﬁ/ JTﬁg . =5 .
Lemma C.2. Define Xy, and Xp,, as —= and —=—=, respectively, where H, is

giwen in Theorem 2.1. Let f;Hg be a lower triangular matrix such that ng = ngi}{g
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for g = 1,2. From the singular value decomposition of i_liH IA/_l, we have AV1, AVg,
H1 12 HQ
and & such that

L, S, Ly = ViEV), (C.10)

where \A/"l\A/'l =1k, \7’2{/2 =1Ig,, and Sisa rectangular diagonal matriz with nonneg-
ative diagonal elements in a decreasing order. Let ikk be the k-th diagonal element of
S Then, it holds that
o A . \2
(i) Wy = L}}llVl, and the k-th largest eigenvalue of Zf_ﬁzle ;IiZ’Hm is (Ekk> ,
N e N2
(ii) Wo = L’}};Vg, and the k-th largest eigenvalue of Z;iE}hQZ;ﬁZHm is (Zkk> ,
(111) the correlation between ﬁ1W§m) and ﬁgWén) is the (m,n)-th element of &, where
W™ s the m-th column of Wy and WS is the n-th column of W.

Proof First, we prove the claim (i). Recall that \/7\\71 is defined by the two conditions:
(a) each column of W, is an eigenvector of i;ﬁi Hmf)gé ihm with the corresponding
eigenvalues in the diagonal element of XY and (b) W Xy, W = I, .

From i;ﬁiHmf/I;; = V,;5V), we have that

o~ U R N
(LE]iZHl?L/Iil) (L;&ZHML/I;;) = <V12V/2> <V12V/2) ,
which, in conjunction with \7’2\72 = Ig,, gives
Lo S, L Ll Sy Ll = VISSV,

yielding, along with {\7’1{\71 = I, that

S St (B9,) = T VISV, = (£519,) 59
This shows that the k-th column of f/};ll{\fl is the eigenvector of il_{iih’mi[_{ii/]ﬁz
corresponding to the eigenvalue in the k-th diagonal element of 3. This confirms the
condition (a) for W. The condition (b) is satisfied due to that \Af’liﬁimi’gf{/l =
i\/’lflai 0 i;ji;;jffl = V!V, = I,. Hence, the claim (i) holds. The claim (ii) follows
due to symmetry.

Next, we move to the claim (iii). From the claims (i) and (ii), we showed that

o1



\/ﬁ’gngV/\\/'g = Ig,, implying the variances of ﬁlvAvgm) and IfIQW§”) are 1. Hence, the

correlation of the two would be the covariance of the two, V/\\fgm)lilewgn). Note that
WS, W,y = VL Sy, LV, = 5, (C.11)

which confirms that the correlation of the two is the (m,n)-th element of 5. This
completes the proof of the lemma. O

The next lemma reveals the N-limit behavior of CCA in our setup.

Lemma C.3. Let Vg, fJHg, XUJHIQ and ¥ be the N-limits of \A/'g, ng, iHIQ and i,
respectively, where Vg, Ly, , ¥, and ¥ are defined in Lemma C.2. Let Lp and Lg,
be lower triangular matrices such that F,JTTF = LpL} and G;J;Gg = Lg,Lg,. From the

singular value decomposition of L(_;i GQJTTGQ ngl, we have Zy, Zs, and A such that

G/ J7Gy

| L, = ZaAZy, (C12)

where ZY 2y = ks, ZyZo = s, and A is a rectangular diagonal matriz with nonnega-
tive diagonal elements in decreasing order. Then, the followings hold:

(i) Any (k, k)-th element of A is less than 1,

v LR O s
(ii) Vo = Lytoy | =07 ] where RR! = L,

Or:xk. Lg,Zg

(i) ¥ = Ie. Ok
Oksx k. A

Proof ~ We start with the claim (i). Given Z;Lg; GQJTTG” Li'Z, = Ik;, any linear
combination of Gy, denoted as G,x4, will have unit variance if x, = qulzgyg where
y’gyg = 1. Hence, set y’gyg =1 for ¢ = 1,2. Then, the covariance of G1x; and Goxy

would be their correlation. Note that

, G1J7rGo

G/ J7Gs

Xy = y’lz’lL5} L;, Zsy- (C.13)

= 1212, A2y 2y, = y Ay,

where the second equality is from (C.12). It follows that the maximum of yj Ay, would

be the maximum element of A. Because y] Ay, is a correlation between Gix; and Goxa,
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the maximum of y} Ay, would be less than one due to Assumption 2(iii), thus proving
the claim (i).
Next, we show the claims (ii) and (iii). From Lemma C.2, recall EI}}EJHHEEQI =
\Afli\Af’Q . Hence, it should hold that
L' S, Lt = ViZV). (C.14)
We prove the claims (ii) and (iii) by verifying the equation above along with V|V, =
Iy . First, note that

V/ V — RL/}? OK(-XK; O ]\:_1/]:_1 O/ LFR/ OKCXKg
gvy Orcs . Z,gL,Gg 9HH, HHy Vg Ox:xx. Le,Z,
| RLy  Og.xk; (LpLi) ™ Ox.xxs LrR" Ox.xr; |
= 1 =1g,.
Orsxr, ZyLg, Ok xk, (Le, L) Or:xk. Lag,Zg !
(C.15)
Next, note that
VR Y H,J+H v
L S, Ly, = Ly O =0,y
L F/.;TF OchKg ] -
:LH101 Oxcsn i GgJTTGQ O2LH2
e | BR O | [T Ok | [ REE Ok | 50
=Ly U H
| Oxyxr. LeyZay | | Okgxx. A Orsxr. Zolg, ’
=V XV,

which confirms (C.14), which along with (C.15) proves the claims (ii) and (iii). This

completes the proof of the lemma.
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Proof of Theorem 2.2 From Lemmas C.2 and C.3,

L LrR Ok H I H\ ' | LR O
w, & LpLplo) | Kt — o (—9 L 9> F KexK;
0K§ch LGng T OK;xKC ngZg

_ o (LrLe)™  Okoxks 1 LR Ogox;

! Or:xk. (LGgL’Gg) Or:xk. Lcg,Z,

g -1
0K§><KC LGq Zg

Y

which in conjunction with Theorem 2.1, gives

A,w,-H, [vAv; \Tvg] 2 J3,H,0,0;"

=11/

LF R OchKg
1—1

OKngC LGg Zg

= [IFL; 'R 37G,L;'Z, |

Finally, set S° = Lz 'R’ and S; = Lg;'Z,. Note that $°§” = L "R'RL; = Ly 'Ly =
E}l and that S = L'G_;ZgZ’ngi = EC_;;. This completes the proof of the theorem.
O

Proof of Theorem 2.3 Note that

A~

IR, — (X,05)

- (X,05) Gyl = IR, - X, [0; 0] [F €] |
—[lvec (R, ) = ([F G| @ X, ) vee ([65 ©3]) |

where the second equality is from the property of vectorize operator. Hence, the solution
((:)g, @);) will be determined by

vec ([@; ég]) — (X'X)"' Xy, (C.16)

where y = vec (f{g> and X = ([f‘ é} ® Xg> .
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Furthermore, note that

R, =P,R,Jr
= X,0:807ISIF I + X, 058218 Gl Ip + P, ISF' Jp + P3G Ip + PyE,Jr

—~ ~7!
=X, [05sy " 035y 1] [F G +u,
where
~\/ ~\/
Uy = X,0550 " (IrFS; — F) +X,058; " (IrGS; - G)
+ P,I°F'Jy + PG Iy + P, Iy

We rewrite y as follows:

A~

y:V“(&J=vw(XA@wﬁ*@wﬁﬂ{féy+%)
- ([ﬁ é} ® Xg) vee ([05821 ©:871]) + vec (U,)

= Xvec ([0:8771 05871 + vee (U,)

which in conjunction with (C.16) gives

vee (|85 85 |) = vee ([0557 " 0387 1]) + (X'X) ™ X'vee (U,) (C.17)
71 ,
Hence, it suffices to show that | XX Xveelty) Py, | First, note that
Ny Ny g

:Qﬁq[ﬁq)®§§z

g

5 ([35FS; 3:GS;) [IrFS; 37GS;) ) @ Vi, (C.18)

where the last limit is from Assumption 1(i) and Theorem 2.2. Next, using the property
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of vectorize operator, we rewrite vec (U,) as follows:

vee (Uy) = ([ (3rFS; — F) (3rGs; - G)| @ X, ) vee ([0557 " ©;57 1))
+ (Ir ® (P,I%)) vec (F'I7) + (Ir @ (PyI%)) vec (G, J7)
+ (Ir ® (PyEy)) vec (J7),

which in turn gives

X'vec (Uy)

N,
N X! X
(3rGs; - )D ® =L 9> vee ([058e1 ©:8771))

(el -
E[ a/@(XPF>)VeCFJT ([ﬁé],®(%jrg))vec((}’g.];p)
“(

/ X'P,E
} ® <g—g‘g)> vec (J7) = 0p,, (C.19)
Ny
where the last limit is from Assumptions 1(i) and 1(ii) and Theorem 2.2.

Lastly, applying (C.18) and (C.19) into (C.17), we have that

=)

=
o

vee (85 8;] ) & vee (0587 ©;8;7]).
which completes the proof of the theorem. O

Proof of Theorem 2.4  We rewrite R, in (2.6) as follows:

S (Ae1p + F')
S (X1 + G
+ T8 (X1 + F) + 15 (A1 + G)) + Ey.

R, =X, [0:87" ©:87"]
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Set = = ([90 6;] X5 |8 @sD . which gives W) = %2 |8 8;| 2. Note that

b _ = 1AQ¢c s /X/ Rg
W/R, = 2|6 6] "
== [éc @s]/ X;X-‘] [@cscl—l @sss/—l} S ()\f]]‘,T + F/)
TNy T S (M1 + GY)
(A A ’ X/FC . ' T's . X/Eg
+E [@g @g} ( ]f[gg (A1 +F') + ﬁ (X174 G)) + ]gvg )

S (Xe1y + F')
S (A1 + GY)

where the last limit is from Assumptions 1(i) and 1(ii) and Theorem 2.3. This completes

the proof of the theorem. O

Proof of Theorem 2.5 From Theorem 2.4, we have that W¢'R; = S (X1}, + F)
and W§Ry 2 8¢ (A514 + F'). Hence, it holds that W§R, — W{R, 2 S (A — X§) 17,
implying that regressing the (7' x K°) matrix R,w§ on a constant vector and the
(T x K¢) matrix R wf¢ yields the intercept of S¢ (A5 — A{) and the coefficient on R} w§

as an identity matrix. This completes the proof of the theorem. U
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D Additional Figure and Tables

Table 13: Country-specific portfolio returns. (GBP) This table presents key financial
performance metrics of country-specific portfolio returns, using G7 countries (Panel A)
and non-G7 countries (Panel B) as Country 2. The metrics include annualized mean
returns (%), annualized standard deviations (%), t-statistics of the average returns,
Sharpe ratios, maximum drawdowns, worst and best monthly returns. The mean re-
turns, standard deviations and Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best
Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
can 14.58 19.69 4.33 0.74 45.15 -17.81 20.86
deu 20.16 19.36 5.19 1.04 36.33 -14.21 19.44
fra 13.09 20.27 3.42 0.65 34.47 -21.58 25.29
gbr 21.68 19.62 6.06 1.11 39.80 -19.84 20.69
ita 20.01 20.04 5.19 1.00 38.77 -26.16 21.70
jpn 14.22 19.95 4.21 0.71 31.73 -21.77 18.75
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best
Deviation (%) Ratio  Drawdown (%) Month (%) Month (%)
arg 20.54 19.27 3.48 1.07 20.90 -13.05 23.05
aus 16.60 20.32 5.18 0.82 27.41 -13.61 42.36
aut 21.46 18.58 4.25 1.15 35.23 -11.21 19.35
bel 27.85 20.32 6.93 1.37 25.86 -15.24 21.84
bra 16.15 17.83 2.82 0.91 24.42 -13.89 12.50
chl 18.08 21.34 4.15 0.85 48.27 -14.39 30.78
chn 14.95 21.09 3.02 0.711 53.65 -20.93 24.03
dnk 27.12 22.55 5.64 1.20 28.14 -17.30 22.58
esp 19.71 21.40 4.79 0.92 42.25 -17.28 25.25
hkg 21.13 19.50 6.80 1.08 35.87 -22.83 21.29
ind 19.89 19.92 4.57 1.00 38.96 -13.92 19.27
kor 15.45 19.76 3.74 0.78 39.12 -14.69 24.69
mex 24.27 20.77 4.36 1.17 38.35 -18.63 19.40
nor 17.39 22.16 3.65 0.78 66.72 -22.62 24.23
pol 21.11 20.93 4.11 1.01 30.62 -20.56 25.01
sgp 25.55 20.94 5.25 1.22 31.17 -15.36 29.91
swe 19.97 23.40 4.46 0.85 47.45 -20.09 36.69
tha 13.38 17.67 4.14  0.76 35.93 -25.13 24.00
tur 20.41 20.41 4.43 1.00 33.93 -18.36 25.22
twn 11.71 19.16 2.98 0.61 55.36 -13.98 17.09
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Table 14: Segmentation portfolio returns. (GBP) This table presents key financial
performance metrics of segmentation portfolio returns, using G7 countries (Panel A)
and non-G7 countries (Panel B) as Country 2. The metrics include annualized mean
returns (%), annualized standard deviations (%), t-statistics of the average returns,
Sharpe ratios, maximum drawdowns, worst and best monthly returns. The mean re-
turns, standard deviations and Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best
: Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
can 15.15 23.34 4.08 0.65 52.17 -23.76 19.88
deu 28.39 23.07 6.55 1.23 31.51 -21.21 24.09
fra 19.99 21.74 4.95 0.92 37.65 -21.40 23.89
ghbr 22.37 26.93 456  0.83 66.27 -53.69 23.35
ita 24.21 24.44 5.10 0.99 66.49 -20.30 22.00
jpn 29.20 21.54 7.00 1.36 32.27 -15.25 31.75
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best
Deviation (%) Ratio  Drawdown (%) Month (%) Month (%)
arg 14.76 22.26 2.05 0.66 50.48 -13.87 38.65
aus 23.95 28.15 4.75 0.85 38.04 -16.95 99.35
aut 14.00 21.91 239  0.64 45.69 -23.43 17.39
bel 15.82 22.74 343  0.70 65.50 -18.62 30.32
bra 13.31 21.11 2.02 0.63 30.61 -13.69 17.35
chl 16.56 20.42 3.10 0.81 34.96 -16.57 21.21
chn 17.65 25.43 3.31 0.69 40.41 -25.93 32.22
dnk 20.25 23.66 3.87 0.86 45.13 -21.85 32.60
esp 22.78 22.59 5.42 1.01 43.70 -24.64 24.63
hkg 17.40 21.05 4.00 0.83 51.11 -20.82 29.79
ind 21.34 23.41 4.89 0.91 42.27 -25.66 22.84
kor 19.70 23.06 4.07  0.85 70.84 -24.91 30.02
mex 6.92 20.82 1.31 0.33 63.38 -15.87 15.10
nor 19.15 21.26 4.12 0.90 51.90 -19.88 19.47
pol 19.76 22.26 3.67  0.89 45.84 -17.62 37.99
sgp 29.79 22.78 6.00 1.31 35.67 -14.62 27.59
swe 23.99 22.55 5.00  1.06 46.96 -30.23 22.90
tha 20.58 23.78 4.36  0.87 49.61 -30.57 21.95
tur 17.56 21.25 3.78 0.83 41.14 -21.97 30.46
twn 24.44 20.54 6.04 1.19 32.00 -17.27 17.31
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Table 15: Country-specific portfolio returns. (JPY) This table presents key financial
performance metrics of country-specific portfolio returns, using G7 countries (Panel A)
and non-G7 countries (Panel B) as Country 2. The metrics include annualized mean
returns (%), annualized standard deviations (%), t-statistics of the average returns,
Sharpe ratios, maximum drawdowns, worst and best monthly returns. The mean re-
turns, standard deviations and Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best
: Deviation (%) Ratio Drawdown (%) Month (%) Month (%)
can 15.53 19.55 4.49 0.79 45.29 -22.81 20.24
deu 19.98 18.53 5.42 1.08 41.81 -22.35 18.66
fra 16.12 19.32 4.89 0.83 30.29 -15.30 25.99
ghbr 26.37 20.03 6.93 1.32 30.21 -19.03 20.13
ita 18.99 19.97 4.74 0.95 46.21 -25.11 21.46
jpn 11.38 19.30 3.79 0.59 36.03 -18.88 18.77
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best
Deviation (%) Ratio  Drawdown (%) Month (%) Month (%)
arg 18.13 20.10 3.03 0.90 24.34 -12.89 24.64
aut 19.39 19.02 3.83 1.02 37.40 -13.54 18.05
bel 28.36 20.02 7.97 1.42 24.11 -15.17 22.87
bra 11.93 20.60 1.89 0.58 26.87 -14.80 16.85
chl 19.84 21.68 4.50 0.92 39.63 -16.13 28.66
chn 17.78 21.47 335 0.83 38.66 -21.15 23.56
dnk 27.92 22.26 6.06 1.25 24.13 -14.49 21.54
esp 22.68 21.40 6.12 1.06 37.10 -17.93 25.16
hkg 25.63 19.99 7.22 1.28 34.98 -23.30 19.92
ind 19.19 20.79 4.20 0.92 40.48 -26.27 22.58
kor 15.94 19.39 3.90 0.82 43.83 -14.76 26.75
mex 27.72 20.02 5.86 1.38 28.22 -22.71 18.42
nor 17.32 23.11 3.43 0.75 63.47 -22.92 24.98
pol 20.96 20.47 3.97 1.02 33.82 -22.17 26.31
Sgp 22.04 20.98 5.13 1.05 37.76 -25.87 25.74
swe 27.09 21.18 6.21 1.28 29.63 -19.16 37.86
tha 13.13 18.61 3.72 0.71 37.17 -24.39 23.01
tur 21.34 20.69 4.55 1.03 30.01 -18.23 25.13
twn 10.49 19.00 2.76 0.55 52.65 -14.67 16.33
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Table 16: Segmentation portfolio returns. (JPY) This table presents key financial
performance metrics of segmentation portfolio returns, using G7 countries (Panel A)
and non-G7 countries (Panel B) as Country 2. The metrics include annualized mean
returns (%), annualized standard deviations (%), t-statistics of the average returns,
Sharpe ratios, maximum drawdowns, worst and best monthly returns. The mean re-
turns, standard deviations and Sharpe ratios are annualized.

Panel A: G7 Countries as Country 2

Country Mean (%) Standard Sharpe Maximum Worst Best
‘ Deviation (%) Ratio  Drawdown (%) Month (%) Month (%)
can 16.65 22.74 4.04 0.73 52.79 -24.09 18.70
deu 27.83 22.34 7.06 1.25 29.61 -17.19 22.93
fra 19.33 22.12 4.45 0.87 34.03 -21.94 26.11
gbr 21.71 27.78 4.26 0.78 75.15 -54.25 22.98
ita 23.75 24.68 5.05  0.96 53.75 -17.33 22.81
jpn 30.66 21.67 7.52 1.41 35.90 -14.64 26.60
Panel B: Non-G7 Countries as Country 2
Country Mean (%) Standard Sharpe Maximum Worst Best
Deviation (%) Ratio  Drawdown (%) Month (%) Month (%)
arg 19.52 22.52 2.65 0.87 44.24 -12.92 38.03
aut 16.19 22.36 2.96 0.72 46.90 -20.17 15.84
bel 14.97 22.15 3.13  0.68 68.76 -20.27 26.95
bra 15.56 21.47 2.18 0.72 30.80 -12.45 17.74
chl 18.22 20.91 3.39 0.87 39.22 -19.15 22.27
chn 16.90 26.57 3.03 0.64 46.18 -35.80 32.96
dnk 19.14 23.81 3.99 0.80 40.62 -24.24 27.68
esp 14.89 23.80 3.14 0.63 56.79 -23.48 24.72
hkg 19.74 21.78 4.39 0.91 35.73 -20.24 29.31
ind 23.51 21.85 5.46 1.08 44.29 -23.94 25.83
kor 19.07 22.23 4.11 0.86 69.98 -23.28 25.90
mex 10.89 20.50 1.99  0.53 52.42 -13.09 15.85
nor 22.32 22.08 5.28 1.01 41.86 -14.91 26.08
pol 20.73 22.10 3.75 0.94 35.40 -21.12 37.12
Sgp 32.16 22.51 7.56 1.43 34.44 -14.21 28.31
swe 25.73 22.85 5.49 1.13 37.05 -26.91 22.78
tha 18.14 24.29 3.56 0.75 60.62 -26.30 20.11
tur 16.33 20.29 3.70 0.80 44.23 -12.93 26.41
twn 23.46 21.46 5.47 1.09 38.66 -18.36 19.44
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E Bootstrap Method for the Number of Common

Factors

For the reader’s convenience, we outline the bootstrap inference procedure proposed by
Gongalves et al. (2025) to determine the number of common factors in our two-country

model.

Model and Estimation

For expositional simplicity, we slightly abuse some notations; they do not exactly match
those used in the main text. We consider two sets of time-series returns, yy; (N7 x 1)
and yor (Ny x 1), fort =1,..., T, modeled as

yie = Bify + Digie + ey, yor = Bafy + Dagoy + ey,

where f; denotes the K¢ common factors, g;; and go; represent country-specific factors
of dimensions K7 and K3, respectively, and e;; and ey; are errors. The total number of
factors for each group is therefore K1 = K¢+ K7 and Ky = K¢ + K3.

Regarding the data ﬁg in (2.8), we define Y, = [y,1, Yg2, " s Yor] = ﬁ;, which
is a (T'x N,) matrix for g = 1, 2. The factors for country g are estimated using principal
component analysis (PCA) applied to the data matrix Y,. Specifically, the eigenvectors

of the covariance matrix Y,Y; /N, provide the estimated factor space ﬁg.

Next, the canonical correlations p for K = 1,..., K are computed as the square
~ o~ —1 /~, ~ ~ o~ 1 ,a, ~
. . (H/H, H/ H, A, H, o, H, .
roots of the eigenvalues of the matrix (1T> ( e ) ( % ) <2T> . Using the

canonical correlation analysis, the common factors f; and the residuals €;; and €y; are

obtained, along with the group-specific factors g;; and go;.

Test Statistic and Bootstrap Inference

We set the null hypothesis as Hy : K¢ = K§. The test statistic is defined as

The number of common factors is determined through the following procedure:
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1. As previously described, compute 7 and fit the model
Yo = Bgft + Dg/g\gt +€gt7 g = 17 27

where €, = [€],,€),] denotes the stacked residuals.

2. Forb=1,...,B:

e Generate bootstrap residuals &' e, .6y ] =€0 n\” | where each

element of ngb) is independently drawn from N (0, 1).

e Construct the bootstrap data:

yng) - ]/-D\’g/f\t + ﬁgggt + e g=12.

gt >

e Recompute the test statistic 75() using the bootstrap data.
3. Calculate the bootstrap p-value as p = + ZB 1(?*“’) < ?)
: B 2ab=1 :

4. If p < 0.05, reject Hy and increment K§ by one; otherwise, stop and accept the

current K§ as the estimated number of common factors.

The test is performed annually, once every 12 months, using the most recent 60-

month rolling window of data.
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