
The Trade Imbalance Network and Currency Returns ⋆

Ai Jun Hou, Lucio Sarno, and Xiaoxia Ye⋆⋆

Forthcoming in Journal of Financial Economics

We introduce in the theory of Gabaix and Maggiori (2015) a network structure to capture the
complexity of the balance sheets of financial intermediaries, using the Leontief inverse-based
centrality. We use this framework in a multi-country world with imperfect financial markets
to study how currency risk premia are connected to financiers’ risk bearing capacity. Guided
by the theory, we construct a Centrality Based Characteristic (CBC), based on the centrality
of the trade imbalance network and variance-covariance matrix of currency returns. Sorting
currencies on CBC generates a high Sharpe ratio, and the resulting excess returns reflect a
novel source of predictability.

Keywords: Trade imbalance network, Currency premia, Carry trade, Network centrality.

JEL Classification: F31, F37, G12, G15.

⋆. Acknowledgments. We are greatly indebted for comments and constructive suggestions to Nick Roussanov
(Editor), an anonymous Referee, and Matteo Maggiori. We also thank Valentina Bruno, Vasco Carvalho, Mag-
nus Dahlquist, Pasquale Della Corte, Ziran (Josh) Ding, Ilias Filippou, Minyou Fan, Xiang Fang, Po-Hsuan Hsu,
Zhengyang Jiang, Olga Kolokolova, Ingomar Krohn, Jiadong Liu, Jiatao Liu, Yang Liu, Juan Lin, Dong Lou, Ji-
aming Mao, Thomas Maurer, Danny Mcgowan, Linlin Niu, Junghum Park, Ilaria Piatti, Swapnil Singh, Yajun Xiao,
Ran Xing, Gang Zhang, Yaoyuan Zhang, Yinggang Zhou, and participants at presentations given at the University
of Cambridge, Stockholm University, the Bank of Lithuania, the 13th Workshop on Exchange Rates at the Bank
of Canada, Queen’s Business School, SUFE, XJTLU, WISE Xiamen University, Frontiers of Factor Investing 2024
Conference, the Swiss Society for Financial Market Research (SGF) Conference 2024, WFA 2024, CFRC 2024, CICF
2024, and EFA 2024, for their helpful comments and discussions. We are grateful to Gian Maria Milesi-Ferretti,
Philip Lane, and Agustı́n Bénétrix for kindly sharing with us updated data of their papers. For the purpose of
open access, the authors have applied a Creative Commons Attribution (CC BY) license to any Author Accepted
Manuscript version arising from this submission. All errors are our responsibility.
⋆⋆. Affiliations. Ai Jun Hou is with Stockholm University, Stockholm Business School. E-mail: ai-

jun.hou@sbs.su.se. Lucio Sarno is with the University of Cambridge, Cambridge Judge Business School, Girton
College and the Centre for Economic Policy Research. E-mail: l.sarno@jbs.cam.ac.uk. Xiaoxia Ye is with the Univer-
sity of Nottingham, Nottingham University Business School. E-mail: xiaoxia.ye@nottingham.ac.uk.



The Trade Imbalance Network and

Currency Returns

April 2025

We introduce in the theory of Gabaix and Maggiori (2015) a network structure to cap-
ture the complexity of the balance sheets of financial intermediaries, using the Leontief
inverse-based centrality. We use this framework in a multi-country world with imper-
fect financial markets to study how currency risk premia are connected to financiers’
risk bearing capacity. Guided by the theory, we construct a Centrality Based Charac-
teristic (CBC), based on the centrality of the trade imbalance network and variance-
covariance matrix of currency returns. Sorting currencies on CBC generates a high
Sharpe ratio, and the resulting excess returns reflect a novel source of predictability.

Keywords: Trade imbalance network; Currency premia; Carry trade; Network central-
ity.

JEL Classification: F31; F37; G12; G15.



1 Introduction

International trade and trade imbalances across countries play crucial roles in deter-

mining macroeconomic and financial outcomes around the world.1 They are also a

driving force of exchange rate fluctuations and currency risk premia in a variety of the-

ories of exchange rate determination (see, e.g., Gourinchas and Rey 2007; Gabaix and

Maggiori 2015; Colacito, Croce, et al. 2018; Maggiori 2022). Motivated by this literature,

empirical research has documented a predictive link between external imbalances and

currency excess returns in the cross section of countries (see, e.g., Della Corte, Sarno,

and Sestieri 2012; Della Corte, Riddiough, and Sarno 2016; Della Corte and Krecetovs

2021).

However, a potential tension exists between theory and empirical research in this

area. Specifically, the theory of international trade and exchange rate dynamics is typ-

ically set up in a two-country framework, whereas empirical work on currency asset

pricing is conducted in the cross-section of countries, under the implicit assumption

that theories about bilateral relationships between countries can be readily generalized

to a multi-country setting.2 This is not necessarily the case without additional assump-

tions. More importantly, it seems likely that generalization of two-country theories to

a multi-country setting can generate additional insights about exchange rate dynam-

ics by capturing indirect relationships in the trade imbalance network that are hidden

in a two-country setting. Indeed, Richmond (2019) provides theory and empirical ev-

idence that the total trade network is linked to currency risk premia in a model that

assumes complete financial markets.

In this paper, we build on this line of research by extending the theory of Gabaix

and Maggiori (2015) to study currency risk premia in a multi-country world with im-

perfect financial markets and a fully-fledged trade imbalance network.3 In the theory,

currency returns are linked to financiers’ limited risk bearing capacity, captured by

1. For example, Caballero and Krishnamurthy (2009) find that trade imbalances are a crucial part of the mecha-
nism that led to the global financial crisis.

2. By “multi-country” we mean more than one exchange rate or, equivalently, more than two countries.
3. We refer to Gabaix and Maggiori (2015) for the two-country model of exchange rate determination in their

published paper, and to Gabaix and Maggiori (2015, OA) for a simple demonstration of the extension to the multi-
country framework in their Online Appendix.
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the complexity of their balance sheets in the trade imbalance network. Then, guided

by the theory, we construct a Centrality Based Characteristic (hereafter CBC), based

on the centrality of the imbalance network and the variance-covariance of currency

returns. We show that sorting currencies on CBC generates strong predictability of

currency excess returns in the cross section of countries, and a high Sharpe ratio. The

source of this predictability is novel in the sense that the resulting excess returns from

the cross-sectional strategy that sorts on CBC cannot be explained by various standard

currency factors and intermediary asset pricing factors. In turn, we find that this multi-

country extension provides both fresh insights into the link between trade imbalances

and exchange rate dynamics, and a novel investment strategy.

In the theory of Gabaix and Maggiori (2015), countries run trade imbalances in

imperfect financial markets and financiers bear the resulting currency risk by buying

the currency of the deficit country and shorting the currency of the surplus country.4

However, the financiers’ ability to take long (short) positions (i.e., risk-bearing or risk-

absorbing capacity) depends on the riskiness of their balance sheets. To incentivize fi-

nanciers, the currency of the deficit country has to depreciate contemporaneously and

is expected to appreciate in the future to compensate for the risk financiers take. Es-

sentially, the imbalance presents the financiers with investment options, but financial

constraints limit their ability to take buy and sell positions. This leads financiers to al-

ter the size and composition of their balance sheets, ultimately affecting the exchange

rate. Two important determinants of currency premia arise in the model: financiers’

risk-bearing capacity (or limited commitment of risk-bearing), and the external imbal-

ance of individual countries.5 In their Online Appendix, Gabaix and Maggiori (2015,

OA) show that their two-country model can be readily extended to a multi-country set-

ting, where the limited risk-bearing capacity is proxied using the variance-covariance

matrix of exchange rates. However, this multi-country extension is a direct general-

ization of the two-country model and, therefore, it does not explore the effects of the

4. A related literature examines the impact of frictions in international financial markets. For example, Du and
Schreger (2016) show that currency market frictions have important implications on local currency credit spreads.

5. The pricing power of the imbalance risk factor identified by Della Corte, Riddiough, and Sarno (2016) empir-
ically supports the trade imbalance’s impact on currency premia in Gabaix and Maggiori (2015)’s theory.
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trade imbalance network on financiers’ risk-bearing capacity and its implications for

currency asset pricing.

In the global trading system, bilateral imbalances and interdependence between

countries constitute a global trade imbalance network that contains rich information

on financier’s balance sheets and risk-bearing capacity. Yet, the effect of the imbalance

network structure on financiers’ limited risk-bearing commitment and currency pre-

mia has been largely overlooked in the literature. Therefore, we extend the theory of

Gabaix and Maggiori (2015) to explicitly incorporate the information contained in the

trade imbalance network into financiers’ limited risk-bearing commitment. We use the

Leontief inverse of the adjacency matrix of the global trade imbalance network to rep-

resent the financiers’ risk-bearing capacity and show that the Leontief inverse-based

centrality effectively captures the complexity of financiers’ global balance sheets.6

Specifically, the complexity of financiers’ balance sheets increases with the central-

ity of countries they intermediate by offering more investment options (Aldasoro and

Alves 2018; Sasidevan and Bertschinger 2019).7 From the financiers’ point of view, the

net deficit (surplus) of a country constitutes an investment opportunity to take a long

(short) position in this country’s currency on their balance sheets, which has to be bal-

anced by a short (long) position in other currencies. Long (short) positions increase

(decrease) financiers’ investment options. For any individual country, its net deficit

only partially measures the investment options financiers have with its currency since

its net deficit induces deficit and surplus in some other countries, which further con-

tribute to financiers’ investment options with the currency depending on the close-

ness of this particular country with the other countries in the global trade imbalance

6. The Leontief inverse of matrix A is given by:

(I�A)�1 =
¥

å
k=0

(A)k

and is closely related to the Katz-Bonacich centrality, which captures the sum of the direct and indirect influence of
each node in a network (Simonovits 1975).

7. Du and Schreger (2022b) demonstrate that currency mismatch on corporate balance sheets can be a source of
sovereign default risk. Avdjiev et al. (2019) show that currencies with higher exposures to the dollar factor exhibit
larger covered interest-rate parity (CIP) deviations and thereby offer greater potential arbitrage profits for traders
who have balance sheet capacity to exploit them.
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network. This complexity can be precisely quantified by the Leontief inverse-based

centrality of the global trade imbalance network.

We argue that exploring the extensive information implicit in the global imbalance

network offers deeper insights on currency premia beyond those offered in studies fo-

cusing only on the size of the imbalance of individual countries (e.g., Della Corte, Rid-

diough, and Sarno 2016). We undertake this exploration from both theoretical and em-

pirical perspectives. Theoretically, we extend the framework developed by Gabaix and

Maggiori (2015) to a multi-country setting that allows financiers’ limited risk-bearing

commitment to be a function of the adjacency matrix of the global imbalance network.

An equilibrium can be obtained by solving a fixed point problem in recursive opti-

mizations. As in Gabaix and Maggiori (2015), the linear pricing function of currency

premia is maintained in equilibrium, i.e. the expected currency return can be written

as a linear function of net deficits, with the coefficient capturing outside investment

options. This linear pricing function provides the flexibility to incorporate both im-

balance network centrality, which is a function (the Leontief inverse) of the adjacency

matrix, and the variance-covariance matrix of currency returns into the financiers’ lim-

ited risk-bearing commitment. The model has two key parameters that capture the

contributions of centrality and the variance-covariance of exchange rate returns, re-

spectively, to financiers’ limited risk-bearing commitment. These two parameters can

be readily calibrated to test the hypothesis that the centrality of the imbalance network

and the variance-covariance of exchange rates explain the cross-section of expected

currency excess returns beyond the individual countries’ net deficit size.

In the empirical analysis, we employ data for up to 41 currencies from 1995 to

2021. First, we provide evidence, using a training subsample of the data from 1995 to

2002, that these two parameters are significantly different from zero, controlling for

net deficits. Secondly, based on the calibrated parameters and keeping them constant

out of the sample, we construct CBC for each currency and use it to conduct portfolio

sorts and formal asset pricing tests.8 The results from portfolio sorts show that, going

8. We also carry out the exercise using a recursively updated CBC measure where the two calibrated parameters
are updated as new information becomes available, whilst still conditioning only on available information at the
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from low CBC countries to high CBC countries, the currency portfolio returns increase

monotonically. The high-minus-low portfolio (long the portfolio with the highest CBC,

and short the portfolio with the lowest CBC) generates an annualized Sharpe ratio of

0.65. This is higher than the Sharpe ratios obtained from sorting on the total trade

network centrality of Richmond (2019, TTNC), the global imbalance measure of Della

Corte, Riddiough, and Sarno (2016, GImb), and the carry trade based on our sample.

Existing currency factors and intermediate asset pricing factors (Adrian, Etula, and

Muir 2014; He, Kelly, and Manela 2017) cannot subsume the information in the CBC

factor (defined as the time series of excess returns from the strategy that sorts on CBC),

indicating that the CBC factor captures different information.

[Insert Figure 1 about here]

To illustrate the intuition, Figure 1 shows a clear positive relation between the CBC

and currency premia, and nicely summarizes the insight of our exploration on the

global imbalance trade network. This figure shows the scatter plot of the time series

average of currency excess returns for a U.S. investor (vertical axis) versus the time se-

ries average of CBCs (horizontal axis) for three different subsample periods. Countries

with higher CBC, such as Mexico and New Zealand, have higher currency premia.

On the contrary, countries with lower CBC, such as Japan and Thailand, have lower

currency premia. This illustrative evidence suggests that CBC is a key characteristic to

understand currency premia, which we document through formal tests in the paper.

The theory allows us to decompose currency risk premia into three components

that are related to total imbalance, individual importance, and neighborhood impor-

tance. Via a variance decomposition, we empirically show that the neighborhood com-

ponent explains about 68% of the total variation in cross-sectional currency premia,

highlighting the importance of the network structure in understanding the dynam-

ics of currency premia, and hence the value added by our extension of the Gabaix-

Maggiori theory. To complement this variance decomposition, we also run panel re-

gressions of currency risk premia on the three components, providing corroborating

time of sorting. We find that the results are qualitatively identical to the case where we do not update the calibrated
parameters, because they are quite stable over time.
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evidence of the dominant role of the neighborhood component in terms of explana-

tory power. To further demonstrate the usefulness of this framework, we also conduct

counterfactual analyses to study the impacts of the 2018-2019 China-US trade war and

the international sanctions against Russia in 2022 on currency premia via the trade im-

balance network. We find that these two events have far-reaching effects on premia of

currencies that are not directly involved in the events, emphasizing the complexity of

the chain effect of international events and the usefulness of a quantitative framework

like the one developed in this paper.

We carry out several other additional analyses, and we mention here two especially

relevant ones. First, we empirically explore alternative networks to replace the trade

imbalance network. These include two variants of the capital flow network—the port-

folio investment network and the foreign direct investment (FDI) network—as well

as the total trade network. We find that the connection between currency excess re-

turns and any of these networks is substantially weaker than the connection with the

trade imbalance network. Second, we explore the relationship between CBC and vari-

ous proxies of risk bearing capacity used in the relevant literature, including the TED

spread, the VIX, indices of implied volatility in currency markets, i.e., the VXY index

for G7 countries (VXY-G7) and the VXY index for emerging market countries (VXY-

EM), the amount of financial commercial paper outstanding, and a measure of global

illiquidity in currency markets. The correlation between the CBC factor and each of

these variables has the expected sign, suggesting that CBC captures information em-

bedded in all of these proxies and is, therefore, intuitively related to risk bearing ca-

pacity. However, none of these variables subsumes fully the information in CBC (i.e.,

the correlations are imperfect), suggesting that CBC cannot easily be replaced by any

available individual variable. Further, we provide evidence that domestic financial in-

termediaries hold less of the outstanding debt for countries with higher CBC, again

suggesting that CBC is negatively related to risk bearing capacity.

Related literature. Our theoretical work relates to several areas of the foreign ex-

change literature. This paper is distinct within this thread of the literature in that we
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push forward the development of multi-country settings and the trade imbalance net-

work in the theory of currency asset pricing with �nancial frictions. First, the theoretical

model augments Gabaix and Maggiori (2015, OA)'s multi-country setting with imper-

fect �nancial markets by incorporating global imbalance network centrality (via the

Leontief inverse) as a measure of �nanciers' outside investment options. With differ-

ent emphases, Jiang (2021) extends Gabaix and Maggiori (2015)'s two-country model

by adding the government to study the implications of the US government debt is-

suance on the US dollar exchange rate; Della Corte and Fu (2021) also use the two-

country setting of Gabaix and Maggiori (2015) and introduce global tariff uncertainty

to analyze how different tariff policies in the US affect the US dollar exchange rate. In

contrast, our paper is the �rst to introduce a network into the framework of Gabaix

and Maggiori (2015) to capture the complexity of �nanciers' balance sheets through a

multi-country lens. 9

There are also theoretical studies that focus on the connection between currency

risk and country-level characteristics while assuming frictionless �nancial markets.

For example, Colacito, Croce, et al. (2018) develops a frictionless risk-sharing model

with recursive preferences and shows that heterogeneous exposure to global growth

shocks results in the reallocation of international resources and currency adjustments.

Richmond (2019) builds a general equilibrium model with perfect �nancial markets

and shows that the consumption growth of countries with high centrality in the to-

tal trade network is more exposed to global consumption growth shocks, resulting

in lower interest rates, and thereby currency risk premia. There are three key differ-

ences between Richmond's theory and ours: a) Our imbalance network differs sig-

ni�cantly from Richmond (2019)'s total trade network. Richmond (2019)'s trade net-

work is based on bilateral total trade (export plus import, i.e., the total trade inten-

sity), forming an un-directional network, while our imbalance trade network is based

on bilateral trade de�cit (export minus import, the total trade imbalance), forming

9. Subsequent papers are following suit to explore related issues; for example, Bahaj et al. (2024) explore the
role of cross-border �nancial connections, proxied through a network of gross �nancial positions, in mitigating or
amplifying trade shocks.
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a directional network. This difference generates distinct predictions for the mecha-

nism that drives currency risk premia. In Richmond (2019)'s trade network, central

countries' currencies appreciate during bad times due to the increased relative price

of their consumption bundle, whereas in our imbalance network, central countries'

currencies depreciate contemporaneously and appreciate in the future to compensate

for the risk �nanciers take. These fundamental differences imply a negative relation

between our CBC and Richmond (2019)'s centrality characteristics, which we will ob-

serve in the data.10 b) Richmond (2019)'s theory focuses on fundamental risks (global

consumption growth risks), while our emphasis is on �nancial intermediaries' risk-

bearing capacity.11 c) Richmond (2019) circumvents �nancial intermediation risks by

assuming perfect �nancial markets (i.e., unlimited risk-bearing capacity), while we

allow for imperfect �nancial markets (i.e., limited risk-bearing capacity of �nancial in-

termediaries). Therefore, while our model shares the focus on the international trade

network and currency returns with Richmond (2019), the mechanism through which

trade imbalances impact on currency risk premia is fundamentally different, and the

de�nition of centrality itself is also different. We examine the relationship between the

centrality measure of Richmond (2019) and ours later in the paper, both empirically

and through simulation exercises.

Second, our empirical work contributes to the literature on currency asset pricing

and cross-sectional currency investment strategies. Lustig, Roussanov, and Verdelhan

(2011) identify a “slope” factor in exchange rates by sorting currencies on their for-

ward discounts and show that this factor accounts for much of the cross-sectional

variation in currency returns. Menkhoff et al. (2012b, 2017) show momentum and

value strategies in foreign exchange markets deliver high excess returns. Using in-

dividual country-level net de�cit as a risk characteristic, Della Corte, Riddiough, and

10. Therefore, the factor (trading strategy) returns are de�ned differently: in Richmond (2019), the factor portfolio
is Peripheral minus Central (PMC), i.e., buying peripheral and selling central countries' currencies, while in our
imbalance framework, the factor portfolio represents a strategy of buying high CBC currencies and selling low CBC
currencies.

11. In Richmond (2019)'s theory, the key driver of the variation in cross-sectional currency returns is the countries'
heterogeneous exposure to global consumption shocks. Countries with different total trade links to countries that
are important for the production of tradable goods have different exposures to global shocks. Hence, currencies'
centrality in the total trade network measures the exposure to consumption risk.
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Sarno (2016) identify an imbalance risk factor with signi�cantly positive currency risk

premia. 12 Ready, Roussanov, and Ward (2017) demonstrate that countries producing

commodity goods are distinct from countries producing �nal goods, and provide ev-

idence that sorting currencies based on the import ratio (the ratio of net imports of

�nished goods to net exports of basic commodities) generates a sizable spread in aver-

age currency excess returns. Colacito, Riddiough, and Sarno (2020) �nd that business

cycle risk has signi�cant pricing power for currency portfolio returns. Dahlquist and

Hasseltoft (2020) �nd that a risk factor based on a trading strategy that goes long cur-

rencies with strong economic momentum and short currencies with weak economic

momentum captures cross-country differences in carry. Our paper adds to this strand

of the literature a novel, theoretically motivated characteristic that is valuable for de-

signing a pro�table currency investment strategy.

Third, our paper is also related to the literature that studies how international trade

affects currency risk. Recent studies suggest that common factors account for a large

portion of the variation in bilateral exchange rates (e.g., Verdelhan 2018). Furthermore,

international trade signi�cantly in�uences a country's exposure to the common fac-

tors. Lustig and Richmond (2020) show that the trade network centrality, as de�ned

by Richmond (2019), is the best predictor of a country's average exposure to systematic

risk. Jiang and Richmond (2023) further �nd that global trade network closeness has

explanatory power for exchange rate comovements. Hassan et al. (2023) show that bi-

lateral trade agreements can substantially reduce systematic exchange rate risk, using

Richmond (2019)'s measure of total trade centrality. Moreover, Fang and Liu (2021)

show, both theoretically and empirically, that �nanciers' leverage constraints drive

exchange rates, with capital in�ows (i.e., net exports) increasing as these constraints

become more pronounced. Our paper contributes by providing a comprehensive in-

vestigation into the direct and indirect impact of the trade imbalance (net exporter)

12. Global imbalances play an important role in our understanding of the international �nancial system. As stated
by Jiang, Richmond, and Zhang (2024), these imbalances have manifested in the sustained net capital �ows into
U.S. �nancial markets. Using a demand system-based approach, Jiang, Richmond, and Zhang (2024) �nd that the
supply of global savings and issuances as well as monetary policies contribute to the increasingly negative U.S. net
foreign asset position, while shifts in investors' demand partially offset this trend.
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network on the cross-sectional variation in currency risk premia, hence discovering

new facts on the relationship between international trade and currency asset pricing.

Additionally, our paper also joins the literature on the role of �nancial intermedi-

aries in the pricing of �nancial assets (see, e.g., He and Krishnamurthy 2013; Adrian,

Etula, and Muir 2014; He, Kelly, and Manela 2017; Fleckenstein and Longstaff 2020,

2022; Du, Hebert, and Huber 2023; Maggiori 2022; Du and Schreger 2022a; Wang and

Zhang 2023). Differently from this literature, the focal point of this paper is on the inter-

national trade imbalance network and currency markets. In the context of the foreign

exchange literature, other than the theoretical study of Gabaix and Maggiori (2015),

there is empirical evidence in Cenedese, Della Corte, and Wang (2021) that regula-

tion on the leverage ratio requirement of �nancial intermediaries is related to devia-

tions from covered interest parity. Also, Fang (2021) �nds a positive relation between

country-level banking sector capital ratios and currency returns; Fang and Liu (2021)

provide further evidence that exchange rates and capital �ows are related to interme-

diaries' leverage constraints. Our paper provides both theoretical developments and

empirical results that the role of �nancial intermediaries is key to understanding the

pricing of foreign exchange risk.

2 The model

In this section, we introduce in the theory of Gabaix and Maggiori (2015) a network

structure to capture the complexity of the balance sheets of �nancial intermediaries,

using the Leontief inverse-based centrality. We use this framework to guide our sub-

sequent empirical analysis. Moreover, based on the intuition that �nanciers' limited

commitment is related to their outside investment options, we extend the theory to

explicitly connect currency risk premia to their centrality in the global trade imbal-

ance network, which can be considered as a proxy for the �nanciers' credit constraint.

We conclude the section by providing elements of a microfoundation for the proposed

speci�cation of the credit constraint.
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2.1 Multi-country setting

There are two periods: t = 0, 1 and n countries in the model. We de�ne f xtgi as the

US dollar (USD) bilateral exchange rate of country i at period t, where i = 1, 2, . . . ,n.

An increase in f xtgi indicates an appreciation of country i's currency against the USD.

The US is the primary country 1, for which we normalize f xtg1 = 1 in both periods; xt

is the vector of exchange rates at period t.

We de�ne the global trading imbalance networks in the two periods via an n � n

adjacency matrix A t of a directed weighted graph on n vertices, where f A tgii = 0 for

i = 1, . . . ,n, and f A tgi j > 0 for j 6= i is the USD value of country j's net import from

country i. In other words, if f A tgi j > 0, then country j is a net debtor of country i

with de�cit of f A tgi j . The global trading network can also be described in terms of the

exports and imports matrix, e.g., the x matrix in Gabaix and Maggiori (2015, OA). We

show the explicit relation between A and x below.

Gabaix and Maggiori (2015, OA) use the export and import matrix xt in the deriva-

tions of their multi-country model (see Section A.3.B): for i 6= j, f xtgi j < 0 and rep-

resents exports of country i to country j in country j's currency; the diagonal term

f xtgjj > 0 represents the total imports of country j in its currency from all other coun-

tries and is de�ned as: f xtgjj , � å i6= j f xtgi j .

Let qi be the USD value of country i's bonds held by �nanciers; hence, q is the

vector of the bonds' values of all countries. Also, the fact that �nanciers have zero

initial capital implies å n
j= 1 qj = 0. The net demand for currency i in the spot market,

expressed in USD, must be zero in period 0's equilibrium:

�
n

å
j= 1

f x0gi j f x0gj + qi = 0. (1)

In matrix form, eq. (1) can be written as:

� x0x0 + q = 0. (2)

11



By the de�nitions of A and x, we have:

f A tgi j =
�
f xtgji f xtgi � f xtgi j f xtgj

� + (3)

where (z)+ = z if z > 0, and 0 otherwise. Given eq. (3), the following holds:

A t � A |
t = (xtD t )

| � xtD t , (4)

where D t = diag (xt ).

In equilibrium, �nanciers absorb all imbalances in the trading network in period 0.

Given the de�nition of A t , we have the following proposition.

Proposition 1. In equilibrium at period 0, the USD value of the bonds' held by �nanciers, q,

must satisfy:

�
A 0 � A |

0

�
` + q = 0, (5)

where` is an n� 1 column vector of ones.

Proof. By the de�nition ofA 0, each element in the i-th row (j-th column) ofA 0 represents

the net USD value surplus (de�cit) the i-th (j-th) country has with each country. This means

that each element in the i-th row of
�
A |

0 � A 0
�

represents the net imbalance in USD the i-th

country has with each country, and the i-th element of vector
�
A |

0 � A 0
�

` is the USD total

net imbalance of the i-th country.

When the market clears, these imbalances have to be absorbed by the �nanciers. Therefore,

we have
�
A |

0 � A 0
�

` = q. This completes the proof.�

It can be easily shown that eq. (5) is equivalent to eq. (1):

q =
�
A |

0 � A 0
�

` = x0D 0` � (x0D 0) | ` = x0x0. (6)
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The second equality is by eq. (4), and the third equality is by the fact that (x0D 0) | ` = 0

and D 0` = x0.13 Financiers will unwind their positions in period 1. Therefore, we also

have

�
A 1 � A |

1

�
` � q = 0. (7)

2.2 Demand function of credit constrained �nanciers

To incorporate interest costs in the �nanciers' objective function, we de�ne the vector

of interest-adjusted exchange rates in period 1 asx̄1 , dx1 with

d =

2

6
6
6
6
6
6
6
4

1 0 � � � 0

0 1+ r2
1+ r1

� � � 0
...

0 � � � � � � 1+ rn
1+ r1

3

7
7
7
7
7
7
7
5

where r i is the risk-free interest rate of country i.14 Since �nanciers only have limited

commitment, there is a downward-sloping demand curve, which can be derived from

the �nanciers' objective function. In period 0, the �nanciers optimally set q? = D � 1
0 q?

to maximize their expected return (objective function) while subject to a quadratic

outside option constraint: 15

max
q?

E ( x̄1 � x0) | q?, s.t. E ( x̄1 � x0) | q? � (q?) | (GD 0)q?, (8)

where

13. (x0D0) | ` = 0 is immediately implied by the de�nition of f xtgjj , i.e., f xtgjj , � å i6= j f xtgi j .
14. As in Gabaix and Maggiori (2015), the model treats interest rates as exogenous. It is worth emphasizing that

the interest rate differential does not completely account for currency risk premia. The positive excess return and
depreciation of a country's currency are associated with a decrease in risk-bearing capacity. This effect manifests
itself even when all countries have the same interest rate, thus being fundamentally different from the pure carry
trade. We also address this issue empirically in later sections.

15. The quadratic constraint in (8) is equivalent to having two quadratic terms:

(q?) | (GD0)q? = ( q?) | (G1D0)q? + ( q?) | (G2D0)q?

where G1 = V (1 � w)W and G2 = wW. G1 represents an imbalance-network-adjusted version of the variance-
covariance matrix constraint in the original Gabaix and Maggiori (2015, OA)'s speci�cation, and G2 represents a
centrality constraint accounting for the complexity of �nanciers' balance sheets (in reduced form).
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G= [wI + ( 1 � w)V ] W, W =
�
I � aA |

0

� � 1 , (9)

I is the n � n identity matrix, V is the variance-covariance matrix of xt , W is the

Leontief inverse of A 0, and both w and a are in [0, 1]. This speci�cation of G nests

Gabaix and Maggiori (2015)'s variance-covariance matrix setup, with G = V when

w = a = 0.16 Gabaix and Maggiori (2015) emphasize that �nanciers' outside options

should increase with the size, volatility, or complexity of their balance sheets. Closely

related to imbalance network centrality, W captures the complexity of �nanciers' bal-

ance sheets. Therefore, incorporating bothW and V in Gallows us to more accurately

capture Gabaix and Maggiori (2015)'s idea regarding �nanciers' outside option con-

straints than the variance-covariance matrix alone. We provide a deeper discussion of

W in relation to the trade imbalance network in Section 2.3 and its risk-sharing foun-

dation in Section 2.4.

Since �nanciers only have limited commitment, there is a downward-sloping de-

mand curve. Following Gabaix and Maggiori (2015, IA), this demand for assets —

which establishes a relation between all currencies' interest-adjusted expected appre-

ciation (currency risk premia) E ( x̄1 � x0) and q — can be solved from the constrained

optimization problem in (8) using linear programming (all technical details are pre-

sented in Internet Appendix A) and is given by:

E ( x̄1 � x0) = Gq. (10)

This key equation establishes a fundamental relation connecting all currencies' interest-

adjusted expected appreciation (currency risk premia), E ( x̄1 � x0) to the trade imbal-

ance network via Gq and provides the theoretical guidance for our empirical analysis.

The model captures the essence of �nanciers' limited commitment in the context of

16. This setup captures the impact of riskiness measured by the variance of the currency. Della Corte, Riddiough,
and Sarno (2016) use changes in the VXY (implied-volatility) index as a proxy for conditional FX volatility and
report evidence supporting Gabaix and Maggiori (2015)'s setup.
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complex trade networks, i.e., �nanciers based in countries with higher centrality face

more outside options. In other words, the model predicts that currency risk premia

are closely related to imbalance network centrality. The mechanism described above

implies a testable prediction, which we summarize in Hypothesis 1.

Hypothesis 1 Cross-sectional currency risk premia are positively associated with currencies'

centrality in the trade imbalance network, i.e. currencies with higher (lower) centrality offer

larger (smaller) risk premia.

In this setting, x0 and x1 are endogenous variables solved from eqs. (5), (7) and (10).17

For now, since the focus is on the relation between E ( x̄1 � x0) and A 0, we concentrate

on eqs. (5) and (10). Assuming the existence of a solution to a �xed point problem, we

can treat both A 0 and x0 as given, and Gas a function of A 0, with eq. (10) still hold-

ing. The detailed derivations are provided in Internet Appendix B. We will explore the

relation between Gand A 0, which is the functional form of Gin A 0, in detail shortly.

2.3 Trade imbalance network and risk bearing capacity of �nanciers

Financiers' risk bearing capacity captures the limited commitment to intermediating

in international �nancial markets. It is inversely related to the �nanciers' outside op-

tions and liquidity shocks, which are represented by Gin the model. Financiers' out-

side options increase in the complexityof their balance sheet. Here we echo Gabaix

and Maggiori (2015) and refer to balance sheet complexity as the idea that �nanciers'

balance sheets become more complex when they hold larger and riskier positions, in-

creasing the cost for creditors to unwind their positions in the event of default. This

underscores the importance of centrality in the trade imbalance network -— countries

at the core of the network have �nanciers with more complex portfolios, resulting in

higher intermediation costs and reduced risk-bearing capacity. Gabaix and Maggiori

(2015) employ the variance-covariance matrix of exchanges rate returns as a proxy for

such complexity, intended to be related to the size and volatility of the balance sheet.

17. The detailed derivations are in Internet Appendix E.
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In a multi-country setting, however, centrality is also an important dimension of

the complexity of balance sheets, and hence of the outside options of �nanciers. Albeit

in a different context, this idea is in the essence of the theoretical results of Hojman

and Szeidl (2008), who show that there is a positive relation between network central-

ity and agents' payoffs. Intuitively, a country's �nancial constraints are affected not

just by its own imbalances but also by the imbalances of its trade partners. A �nancier

dealing with a country that has signi�cant trade linkages with other countries must

consider second-order effects—imbalances in connected countries affect liquidity and

risk exposure. This creates higher intermediation costs because the �nancier must ad-

just for additional risk layers.

Incorporating the Leontief inverse of A |
0 into G, as in eq. (9), elegantly captures the

above intuition and effectively weights countries based on their centrality in the global

trade imbalance network. The Leontief inverse is closely related to Katz/Bonacich cen-

trality (see, e.g., Ballester, Calvó-Armengol, and Zenou 2006; Acemoglu et al. 2012;

Sharkey 2017). To see the intuition more clearly, we spell out the �nanciers' outside

option in dollar values (see eq. (A.29) and Proposition A.8 in Gabaix and Maggiori

2015, OA):

q| [wI + ( 1 � w)V ]
�
I � aA |

0

� � 1 q, (11)

where q = D � 1q and D = diag (x0). q can be expressed in the normal form as qi ,

which captures the holdings of country i's bonds by �nanciers, expressed in number

of bonds, and the outside option is the weighted sum of qis with the weight being the

importance of the i-th country in the imbalance network:

q| [wI + ( 1 � w)V ]
�
I � aA |

0

� � 1 q =
n

å
i= 1

qi

"

w + ( 1 � w)
n

å
j= 1

V i j

#

ci , (12)
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where c =
�
I � aA |

0

� � 1 q. Here c is a variant of Bonacich centrality (Bonacich 1987)

and is de�ned by: 18

c = q+ aA | c. (13)

Following Sharkey (2017), c is a measure of centrality that can be interpreted as the

sum of two components: the �rst one is q, which can be thought of as the basic central-

ity that each country has; and the second one, aA | is the additional centrality driven

by how important its neighbours are in the network. The parameter a, which is non-

negative and less than one, controls the contribution of the second component to c.

When a = 0, c = q. In Internet Appendix C, we demonstrate through a numerical

analysis that the rankings of elements in rp and q can signi�cantly differ under the

setting of G=
�
I � aA |

0

� � 1.

2.4 A risk-sharing microfoundation for the Leontief inverse

Section 2.3 establishes the centrality implication of W being the Leontief inverse. In

this subsection, we delve deeper into the implications of Gfor individual �nanciers,

aiming to establish the basic elements of a microfoundation for eq. (9).

In Internet Appendix D, we show that all �nanciers' collective optimization is at-

tained through the implementation of individually optimal strategies by �nanciers in

each country. For the �nancier in charge of the ith country, the individual constrained

optimization is:

max
q?

i

E

 
x̄( i ,1)

x( i ,0)
� 1

!

q?
i , s.t. E

 
x̄( i ,1)

x( i ,0)
� 1

!

q?
i �

n

å
j= 1

1
qi

Gi j qj
(q?

i )2

x( i ,0)
. (14)

18. The Bonacich centrality, as de�ned e.g. in Sharkey (2017), is:r = A | ` + aA | r ) r = (I � aA | ) � 1 A | ` .
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In equilibrium, qi = q?
i and the ith �nancier's divertable funds (DF i) in dollar value

are:

DFi =
1

x( i ,0)

2

6
6
6
6
6
4

f Ggii q2
i| {z }

primary risk

+ å
j6= i

Gi j qjqi

| {z }
risk adjustment

3

7
7
7
7
7
5

. (15)

Funding a country with a net de�cit results in the establishment of long positions in

domestic bonds and short positions in foreign bonds on the �nancier's balance sheet.

Conversely, �nancing a net surplus country leads to the creation of long positions in

foreign bonds and short positions in domestic bonds. Creditors, in their lending to the

�nancier, correctly foresee the incentives for fund diversion, leading them to set the

divertable funds in eq. (15) as a credit constraint in their dealings with the �nancier.

Consequently, eq. (15) captures risks that creditors encounter. An effective risk met-

ric should account for both domestic and foreign bonds, along with the risk-sharing

among creditors from different countries within the trade network. The �rst term in

the square brackets above is theprimary risk of providing the intermediating service

to country i, which is the two-country case of Gabaix and Maggiori (2015, eq. 8). Nev-

ertheless, this term only addresses domestic bonds on the �nancier's balance sheet,

overlooking the positions of foreign bonds and the risk-sharing among creditors. The

second term, risk adjustment, within the square brackets above, explicitly encompasses

these additional risk adjustments. 19 We illustrate this argument using a simple three-

currency example.

[Insert Table 1 about here]

We denote the risk bearing capacity matrix by Gin this example. For simplicity, we

assume that Gi j > 0 for all i and j.20 Full details of this three-currency example are

outlined in Table 1. In this illustration, Country A registers trade de�cits with both

19. Here we use `risk sharing' and `risk adjustment' to describe the components in the ith �nancier's divertable
funds that are related to other countries' trade imbalance, i.e., qj for j 6= i .

20. This assumes, when there are negative off-diagonal terms in V, the diagonal terms in V and W are positive
enough to ensure the off-diagonal terms in G= [wI + ( 1 � w)V ] W are positive. This is generally true as covariance
is typically smaller than variance in magnitude.
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Countries B and C, denoted by de�cit amounts B2A and C2A, respectively. Country

B, conversely, records trade surpluses against both Countries A and C, represented

by surplus amounts B2A and B2C, respectively. Lastly, Country C experiences a trade

surplus of C2A with Country A and a de�cit of B2C with Country B. As mentioned

above, �nancing trades between countries create long-short positions of domestic and

foreign bonds on the balance sheet of �nanciers. This information is summarized in

the �rst two columns of Table 1. Applying eq. (15) to this example, we have:

DFA =

2

6
4 GAA (B2A + C2A)

| {z }
long positions

� (GABB2A + GACC2A)
| {z }

short positions

3

7
5 (B2A + C2A)

| {z }
qA

� B2C(GAB � GAC)(B2A + C2A)
| {z }

risk-sharing with B and C

, (16)

DFB =

2

6
4 (GBAB2A + GBCB2C)

| {z }
long positions

� GBB(B2A + B2C)
| {z }
short positions

3

7
5 (� B2A � B2C)

| {z }
qB

� C2A(GBA � GBC)(B2A + B2C)
| {z }

risk-sharing with A and C

, (17)

DFC =

2

6
4 (GCCB2C+ GCAC2A)

| {z }
long positions

� (GCBB2C+ GCCC2A)
| {z }

short positions

3

7
5 (B2C � C2A)

| {z }
qC

� B2A(GCB � GCA)(B2C � C2A)
| {z }

risk sharing with A and B

.

(18)

Checking eqs. (16) to (18) with the �rst two columns in Table 1, we �nd that the off-

diagonal terms in Gallow the divertable funds to adjust for risks related to the posi-

tions of foreign bonds. Non-zero off-diagonal terms in Galso capture the risk-sharing

adjustments in the last terms of eqs. (16) to (18) (see the last column in Table 1 as well).

We categorize �nanciers into two types: de�cit and surplus. A �nancier's risk-sharing

term is proportionate to the edge weight of the other pair of �nanciers. It reduces (in-

creases) the �nancier's risks if the �nancier has a stronger connection to a �nancier

of the opposite (same) type within the pair. To spell out this intuition, consider Fi-

nancier A's risk-sharing term: � B2C(GAB � GAC)(B2A + C2A). Here, GAB � GAC com-

pares the connection between A and B with that between A and C. In the B and C pair,

B is the surplus type, and C is the de�cit type. Given that Country A is in net de�cit

(qA = B2A + C2A > 0), if GAB > GAC — indicating that A has a stronger connec-

tion with the opposite-type B — the risk-sharing term reduces A's risks; otherwise, it

increases them.
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To further elaborate on the mechanism, the risk-sharing term in eqs. (16) to (18) can

be interpreted as re�ecting the diversi�cation bene�ts of holding bonds across multi-

ple countries. A �nancier's balance sheet risk is mitigated when exposures to different

countries partially offset one another — particularly when those countries are inter-

connected through trade and belong to different categories (de�cit or surplus). 21 In

this context, the trade imbalance network serves as a reduced-form proxy for real-

side economic linkages. For instance, the termGAB captures the extent to which bonds

from countries A and B can hedge each other's risks. A higher value of GAB indicates

stronger trade ties and greater diversi�cation potential, especially when the countries

belong to opposite trade categories. However, when a country is highly central in the

trade imbalance network — linked to many other de�cit countries — the risks borne

by its �nanciers tend to co-move with global factors, thereby limiting potential diversi-

�cation bene�ts. Consequently, �nanciers demand higher risk premia to intermediate

these central countries' trade imbalances.22 In summary, this risk-sharing mechanism

incentivizes �nanciers to facilitate a better balance between de�cit and surplus coun-

tries in the global trade network, thereby reducing overall systemic risk.

Generalizing from the simple example above, when specifying G, it is essential that

for any i 6= j, the off-diagonal element Gi j encapsulates the degree of connection be-

tween countries i and j in the imbalance network. Simply treating Gas the variance-

covariance matrix or a diagonal matrix does not meet this requirement. To illustrate,

if country i serves as both a direct debtor and a two-step indirect debtor to country j,

country i is directly linked to country j through the direct edge from vertex i to vertex

j – the (normalized) weight of this edge quanti�es the direct connection. Moreover,

country i is indirectly linked to country j via two connected edges from vertex i to

vertex j, and the product of the (normalized) weights of these edges measures the in-

direct connection. It is important to assign a lower weight to an indirect connection

21. Several existing studies document that bilateral goods trade helps explain patterns in capital holdings; see,
e.g., Chau (2022) and Lane and Milesi-Ferretti (2008).

22. While the exchange rate variance-covariance matrix offers a similar perspective, it is an ex post measure and
provides limited insight into the structural drivers of exchange rate co-movements. In contrast, the trade imbal-
ance network yields a more structural understanding of risk-sharing and diversi�cation, particularly through its
implications for intermediaries' balance sheets.
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compared to a direct contribution. Mathematically, this degree of connection can be

precisely de�ned using the adjacency matrix A 0 as:

Wi j = 1f i= jg + a
�

A |
0

	
i ,j + a2

n

å
r= 1

�
A |

0

	
i ,r

�
A |

0

	
r,j + a3

n

å
r= 1

n �
A |

0

� 2
o

i ,r

�
A |

0

	
r,j + . . . ,

(19)

where 1f i= jg = 1 if i = j and 0 otherwise. When i 6= j, the second term in eq. (19)

accounts for country i's role as a direct debtor to country j, the third term accounts for

country i's role as a debtor to country j's debtors, and so on. In terms of the network

representation of the economy, Wi j accounts for all possible de�cit chains (net import

relations) that connect country i to country j across the network (Carvalho and Tahbaz-

Salehi 2019). It is straightforward to see that given eq. (19), W is the Leontief inverse

of the imbalance network adjacency matrix A 0 as it can be expressed in terms of the

convergent power series (see, Stewart 1998, Theorem 4.20):23

W =
�
I � aA |

0

� � 1 =
¥

å
k= 0

�
aA |

0

� k . (20)

Specifying G= [wI + ( 1 � w)V ] W as in eq. (9) �exibly integrates both degrees of con-

nection between countries within the imbalance network with currency volatility and

covariance into �nanciers' credit constraints.

To validate the risk reduction mechanism, we perform a numerical example based

on the aforementioned simple three-currency scenario. To �esh out the crucial role

played by W in the divertable funds, we set w = 1, i.e., G = W, in this numerical

example, without loss of generality. We assess the DF Ratio, de�ned as the ratio of

total divertable funds to the overall imbalance size,
å j2f A,B,Cg DFj

å j2f A,B,Cg jqj j
, under three different

settings of G. The �rst setting (Diagonal G) involves setting G as a diagonal matrix,

representing a scenario where neither foreign bonds nor risk-sharing are considered.

The second setting (Uninformative Off-diagonal G) incorporates a Gwith uninforma-

tive off-diagonal elements in each row, accounting for foreign bonds but excluding

23. See also Ballester, Calv́o-Armengol, and Zenou (2006). Here we assume a is smaller than the norm of the
inverse of the largest eigenvalue of A |

0.
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risk-sharing. The third setting (Leontief Inverse G) considers both foreign bonds and

risk-sharing. The comparative results are presented in Figure 2. We observe that con-

�guring Gas the Leontief inverse yields the most signi�cant reduction in the DF Ratio,

providing con�rmation of the risk reduction mechanism. While there may be alterna-

tive settings of Gthat could yield similar effects, we contend that the Leontief inverse

offers an elegant and parsimonious approach that addresses the bene�ts and costs of

foreign bond positions and encourages risk-sharing. It seems reasonable to expect that

creditors and �nanciers may naturally incorporate a Leontief inverse-like structure in

negotiations, integrating it into �nanciers' credit constraints. 24

It is important to point out that the microfoundations presented here only show

a risk-based explanation of why Gcan be related to
�
I � aA |

0

� � 1. This illustrates, for

example, how in a three-country setting qB and qC matter differently for qA due to dif-

ferences inGAB and GAC. However, a caveat is in order. The network structure is linked

to Gin our generalization of the Gabaix-Maggiori setup via the augmented (quadratic)

outside option constraint in eqs. (8) and (9). We postulate that the Leontief inverse

W captures the trade imbalance network, given the central role of trade imbalances

for �nancial intermediation in this theory. However, it is conceivable that the network

structure relevant to the outside option constraint captures (also) other dimensions of

the international economic ties across countries, such as the capital �ow network, or

others. Thus, we will explore different networks empirically to establish the adequate-

ness of the trade imbalance network relative to other plausible network structures. 25

[Insert Figure 2 about here]

24. Exploring the deeper foundations of these constraints lies beyond the scope of this paper. The reader can
consider it a reduced-form speci�cation of a more complex contracting problem. Such foundations might be elabo-
rated in �nancial complexity models, where larger and riskier balance sheets create more intricate positions. These
complex positions, in turn, become harder to manage and more costly for creditors to unwind when they seek to
recover their funds in the event of a �nancier's default.

25. In theory one could microfound the outside option constraint to link explicitly the trade imbalance network
to the Gmatrix. This could possibly be achieved, for example, by adding an additional layer of theory with a trade
matching search model (e.g. Melitz 2003; Helpman, Melitz, and Yeaple 2004; Eaton et al. 2024; Ahn, Khandelwal,
and Wei 2011; Benguria 2021). We leave this task to future research since, even doing so, the empirical question
remains open on whether alternative network structures are more relevant than the trade imbalance network in
driving G. Therefore, we explore this issue empirically in the paper.
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3 Data and variable construction

This section provides details on all data employed in the subsequent empirical analy-

sis. The dataset consists of bilateral trade, bilateral capital �ows, and currency returns

data.

3.1 Data on trade imbalance and capital networks

Trade imbalance network.The Global Trade De�cit Network is constructed based

on yearly bilateral trade data (in USD), which is collected from the United Nations

Commodity Trade Statistics Database (UN Comtrade) from 1995 to 2021.26,27 For the

Euro area, from 1999, we aggregate all Euro countries into one entity by summing up

all their trades with other non-Euro countries. These data allow us to construct the

export/import matrix x described in Section 2.1, from which we can further construct

A i j using eq. (3). To avoid A i j being affected by country size, we also normalize A i j

to be the ratio of the net imbalance to its corresponding value of total trade. More

technical details are presented in Internet Appendix H.

Capital �ow networks. Besides the trade imbalance network, we construct several

capital �ow networks and compare their performance with the trade imbalance net-

work in the empirical analysis. Bilateral capital �ows consist of both portfolio invest-

ment and Foreign Direct Investment (FDI). We collect the bilateral portfolio invest-

ment data from the IMF's Coordinated Portfolio Investment Survey (CPIS) database,

and bilateral FDI stocks and �ows from the United Nations Conference on Trade and

26. Each country reports import and export values relative to each of its trading partners. However, there is a
well-known inconsistency in their reported values. One reason for this is that imports are normally reported at
Cost, Insurance, and Freight (CIF) value, while exports are normally reported at Freight On Board (FOB) value.
Therefore, we choose to only use the reported export value and set the country's import value as its partner's
reported export to this country. If we cannot �nd the corresponding bilateral export data, we use the import data
reported by the partner country.

27. The bilateral trade data we collect here include both intermediate goods and �nal goods. Ready, Roussanov,
and Ward (2017) elucidate the rationale behind countries producing intermediate goods typically offering higher
average interest rates, whereas countries exporting �nal goods tend to maintain lower interest rates. Consequently,
they contend that the trade composition within various countries in�uences exchange rates through the currency
carry trade. Chau (2022) shows that overlooking intermediate input linkages in portfolio analysis results in a
weaker explanation of the data, highlighting the need to consider the entire trade network structure when making
portfolio decisions. In a global economy where �nanciers exhibit limited commitment, such as in our model, com-
prehending currency returns hinges on grasping the dynamics of currency demand and supply in global trade. The
aggregation of both intermediate and �nal goods provides a holistic depiction of the currency demand and supply
landscape spanning various countries.
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Development (UNCTAD)'s statistics database. Since the original CPIS data is known

to be subject to the `'residency” bias (Coppola et al. 2021),28 we use the restated CPIS

data from Coppola et al. (2021) for the available countries and then merge it with the

original CPIS data for other countries in our entire sample. The restated CPIS data

from Coppola et al. (2021) is available from 2007 to 2020 and is obtained from the

global capital allocation project website. 29

3.2 Currency excess returns

Spot and forward exchange rates.The currency data are taken from Thomson Reuters

Datastream for the period from 1995 to 2021. We use daily spot and forward (at various

maturities) exchange rates against USD. Following Lustig, Roussanov, and Verdelhan

(2011) and Richmond (2019), among others, we build end-of-month series based on

daily data for 41 economic regions: Australia, Austria, Belgium, Canada, Mainland

China, Czech Republic, Denmark, Europe, Finland, France, Germany, Greece, Hong

Kong (China), Hungary, India, Indonesia, Ireland, Italy, Japan, Kuwait, Malaysia, Mex-

ico, Netherlands, New Zealand, Norway, Philippine, Poland, Portugal, Russia, Saudi

Arabia, Singapore, South Korea, South Africa, Spain, Sweden, Switzerland, Thailand,

Turkey, U.K., United Arab Emirates, United States of America. Data for some cur-

rencies do not cover the whole period. For the Euro area, we subsume all countries

included in the Euro zone after 1999. The sample size varies for different currencies,

most importantly because some currencies cease to exist due to the adoption of the

euro. Hence, the panel of individual currencies is unbalanced. The detailed data avail-

ability is presented in Table A1 in the Internet Appendix.

Currency excess returns.We usesit = log(Sit ) to denote the log spot exchange rate in

units of foreign currency per US dollar, and ft = log(Ft ) for the log forward exchange

28. For example, when global companies �nance themselves via foreign subsidiaries located in tax havens, stan-
dard economic data associates such offshore securities with the location of the issuing af�liates, rather than the
country of their ultimate parents. Coppola et al. (2021) demonstrate that residency-based CPIS data can offer a
highly distorted view of global portfolios. For instance, US investments into China are understated, while invest-
ments into tax havens are overstated. To address this issue, Coppola et al. (2021) propose a new methodology to
restate equity �ows into tax havens to the correct ultimate issuing countries. We are grateful to Antonio Coppola
and Matteo Maggiori for their help in understanding the CPIS data.

29. https://www.globalcapitalallocation.com
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rate, also in units of foreign currency per US dollar. Hence, an increase in s means an

appreciation of the home currency (USD). For any variables that pertain to the home

country (the US), we drop the subscript. The log excess return rx i ,t from buying foreign

currency i in the forward market and then selling it in the spot market after one month

is:

rx i ,t = fi ,t � 1 � si ,t . (21)

This excess return can also be stated as Forward Discount (FD) plus Spot Return (SR):

rx i ,t = fi ,t � 1 � si ,t � 1| {z }
FD

+ si ,t � 1 � si ,t| {z }
SR

. (22)

Under covered interest parity (CIP), the interest rate differential is approximately equal

to FD, i.e. r i ,t � r t � fi ,t � si ,t , where r i ,t and r t denote country i's and US nominal

risk-free rates over the maturity of the forward contract, respectively. Following com-

mon practice in the literature, we compute currency excess returns using forward rates

rather than interest rate differentials for two main reasons. First, marginal investors

(such as, e.g., hedge funds and large banks) that are responsible for the determina-

tion of exchange rates trade mostly using forward contracts (e.g., Koijen et al. 2018).

Second, for many countries, forward rates are available for longer time periods than

short-term interest rates.

3.3 Empirical construction of CBC

We spell out Gin eq. (9) as a function of V and A 0:

G(V, w, A 0, a) = [wI + ( 1 � w)V ]
�
I � aA |

0

� � 1 , (23)
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where 0 � w � 1 and 0 � a < 1. This function nests V and
�
I � aA |

0

� � 1 as special

cases:

G(V, 0,A 0, 0) = V, (24)

G(V, 1,A 0, a) =
�
I � aA |

0

� � 1 . (25)

Given Proposition 1, currency risk premia can be written as:

E ( x̄1 � x0) = [wI + ( 1 � w)V ]
�
I � aA |

0

� � 1 �
A |

0 � A 0
�

` . (26)

As w and a are unknown non-negative parameters, we construct a characteristic based

on eq. (26) for a range of combinations of positive w and a. If such characteristic has

signi�cant predictive power on observed currency risk premia for some reasonable

values of w and a, then trade imbalance network centrality contains valuable infor-

mation about risk premia in the FX market. Hereafter, we refer to this centrality-based

characteristic asCBC, i.e.,

CBC = [wI + ( 1 � w)V ]
�
I � aA |

0

� � 1 �
A |

0 � A 0
�

` . (27)

It is apparent that a plausible calibration of w and a requires some in-sample esti-

mation. However, once we calibrate w and a over a training sample period, we rely

purely on out-of-sample analysis that keeps w and a constant for the purpose of eval-

uating the predictive performance of CBCin a cross-sectional investment strategy and

for comparing it to other predictive variables studied in the literature as well as to

alternative network types.

Next, we describe the details of the empirical construction of CBC. Given the ad-

jacency matrix A of the imbalance networks and currency risk premia, we calibrate w

and a to compute the CBCs using eq. (27). We allow w and a to vary every year and

calibrate conditioning only on information available. Speci�cally, at each year t, we

match A and V from previous years (up to t � 1) to their next year's realized currency

26



risk premia (up to t) and conduct a 300� 300 grid search from 0 to 1 for both w and a to

�nd all combinations of w and a that result in positive and statistically signi�cant (with

p-value < 0.005) Spearman correlations betweenCBCs and the realized currency risk

premia (all data up to t).30 The estimates ofw and a at year t are the weighted average

of the points identi�ed on the grid with the weights being the Spearman correlation

coef�cients. The calibrated w and a at year t are then the averages of all estimates up

to year t. The calibrated w and a, alongside year-t A and V, are used to compute CBC

at time t via eq. (27) for predicting currency excess returns at time t + 1. This setup

ensures that the constructed CBCis only based on the information available up to the

point of construction, for each exchange rate. We use the sample from 1995 to 2002 for

initial calibration and start the out-of-sample CBC construction from 2003 to the end

of the sample in 2021.

[Insert Figure 3 about here]

We plot the calibrated w and a and the resulting Spearman correlations in Figure 3.

Both w and a appear remarkably stable over time. For example, w stabilizes around

0.52 early in the sample, con�rming the information from the variance-covariance ma-

trix is useful in predicting currency risk premia. More importantly for the purpose of

our paper, we �nd that a is in the range between 0.68 and 0.74 and converges to around

0.68, clearly very far from zero. This suggests that the imbalance network centrality

has signi�cant predictive power for the cross-sectional variation of currency excess

returns, even controlling for the variance-covariance matrix of returns. The Spear-

man correlations between CBC, calculated using these calibrated values of w and a,

and currency excess returns (risk premia) are large, in the range from 0.12 to 0.3 (Fig-

ure 3b). In Figure 3b, we also plot the Spearman correlations for cases assumingG= V

(w = 0,a = 0) and G = I (w = 1,a = 0). When G = V, the Spearman correlation

is negative, albeit small in magnitude, indicating that V per se is not a strong candi-

30. To make Spearman correlations meaningful, we apply a rank-preserving transformation to the original CBCs
at t � 1 so that their max and min values match those of the currency risk premia at t � 1. Again no future informa-
tion is used in the calibration at each time t. Also, we require a p-value < 0.005 to establish statistical signi�cance
rather than a conventional signi�cance level of, e.g., 0.05, because we are considering a large number of combi-
nations of w and a. Hence we face a potential multiple hypothesis testing bias, which calls for more conservative
p-values (see, e.g., Harvey, Liu, and Zhu 2016).
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date for Gempirically. The case of G = I essentially only uses the total imbalance to

explain currency risk premia. We �nd that the Spearman correlation is consistently

lower than the correlation obtained for the case of CBC with calibrated w and a. In

essence, augmenting the variance-covariance matrix of currency excess returns with

trade imbalance network information signi�cantly improves the model's ability to ex-

plain currency risk premia, consistent with the theory.

[Insert Figure 4 about here]

To show how the relative positions of the CBCs change, we plot the positions of the

top, middle and bottom three currencies in the percentage ranks over time in Figure 4.

Net importing economic regions (e.g., Kuwait, Mexico, South Africa) are clearly in

the top panel, whereas net exporting economic regions (e.g., Mainland China, Hong

Kong (China), Thailand) are in the bottom panel. We also observe that currencies in

the middle panel display higher turnover in the relative ranks than those in the top

and bottom, indicating pronounced time-variation of the premia for the majority of

currencies.

In short, the calibration exercise provides a �rst indication of the usefulness of the

information implicit in the imbalance network and variance-covariance matrix that

goes beyond the total imbalance. We then test whether the constructed CBCs have

stronger performance in explaining currency risk premia than existing factors that are

based solely on total imbalances in an out-of-sample setting. In the out-of-sample anal-

ysis we use CBCin two different variants: one where w and a are updated when con-

structing CBCin the way described above, conditioning on new information becoming

available at time t; and another where we simply set w and a equal to the calibrated

values obtained during the 1995-2002 period and never change them over the out-of-

sample period. In the latter, more conservative case, for given values of w and a, vari-

ation in CBC across currencies and time is driven exclusively by international trade

data and the variance-covariance matrix of returns. In our empirical analysis below,

we report evidence for both cases, i.e. using either constant w and a or time-varying w
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and a, and show that the our central results are qualitatively the same under either of

these settings.

4 Empirical analysis

In this section, we �rst show that sorting currencies into portfolios based on their CBCs

generates a sizable spread in excess returns, and aCBClong-short cross-sectional strat-

egy yields high average excess returns and Sharpe ratio in an out-of-sample setting.

These excess returns are driven not only by interest rate differentials (as is the case

for carry), but also by spot predictability in the cross section of currencies. We also

consider other networks as alternatives to the trade imbalance network in the Leontief

inverse. Since the theoretical framework allows for the Leontief inverse to capture any

of, for example, the trade imbalance network, the capital �ow network (either portfolio

�ows or FDI) or the total trade network to be plausibly considered, we construct CBC

using all of these candidate networks. We �nd that constructing CBC with the trade

imbalance network performs much better than any of the alternatives considered, as

its predictive power for the cross-section of currency excess returns turns out to be

stronger than the alternative networks. We then compare the performance of various

risk factors relative to a CBCfactor (computed as the excess return of theCBCstrategy

described above) using Barillas-Shanken regressions, and �nd that none of the factors

considered subsumes the information in the CBCfactor.

Next, we show that there is a strong link between the CBC factor and the cross-

section of currency excess returns within a standard asset pricing framework. We also

present both panel regressions and a variance decomposition to quantify the impor-

tance of the trade network effects in explaining the variation in currency premia across

countries. Additionally, we conduct a counterfactual analysis to demonstrate the use-

fulness of this framework in assessing the impact of signi�cant international events on

currency premia.
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4.1 Performance comparison between CBC and other portfolio sorts

The predictive power of CBC in the cross section. We start this analysis by assessing

the predictive power of CBCfor the cross-section of currency excess returns. We form

four portfolios sorted on CBC, and �ve other benchmarks variables: the Total trade

network centrality ( TTNC) proposed by Richmond (2019); the trade imbalance (TImb)

de�ned as the total net import (this is equivalent to setting Gequal to I ); the forward

discount (FD), the carry trade characteristic used in a vast literature; global imbalances

(GImb) studied by Della Corte, Riddiough, and Sarno (2016); the variance-covariance

weighted trade imbalance ( V-weighted TImb) denoted as Vq (this is equivalent to set-

ting Gequal to V).

Monthly currency excess returns are used in this exercise, consistent with the vast

majority of papers in the currency asset pricing literature. However, portfolio sorts are

based on variables constructed using the information from the year prior to the re-

alized currency returns, since CBC can only be constructed at the yearly frequency.

Hence, the sorted portfolios are re-balanced yearly. To ensure a level playing �eld

across all sorting variables, we construct the benchmark variables using yearly data

even though some of them (e.g., FD) are available at higher frequency. The portfolio

sorts are carried out such that the safest currencies are in the low (short) portfolio and

the riskiest in the high (long) portfolio. Speci�cally, currencies are sorted in ascending

order of CBC, TImb, FD, and V-weighted TImb, and in descending order of TTNC into

four groups (G1 to G4) because according to Richmond (2019), more central countries'

currencies in the total trade network have lower risk premia. 31 For CBCportfolios, we

use two construction methods for the sorting variable over the out-of-sample period

2003-2021: recursive, wherew and a are updated over time conditioning on new in-

31. ForGImb, the portfolios are formed from a 2 � 2 conditional double sort by n f aand ldc, following Della Corte,
Riddiough, and Sarno (2016), where n f a is the net foreign asset position (the difference between foreign assets and
foreign liabilities) relative to the size of the economy (GDP) and ldc is the proportion of external liabilities denom-
inated in domestic currency. The end-of-year series on foreign assets and liabilities and gross domestic product
(GDP) are from Lane and Milesi-Ferretti (2001, 2007), kindly updated by Gian Maria Milesi-Ferretti. The end-of-
year series on the proportion of external liabilities denominated in domestic currency are from B énétrix, Lane, and
Shambaugh (2015), who update the data from Lane and Shambaugh (2010), kindly provided by Philip Lane and
Agust �́n Bénétrix.
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formation becoming available ( CBC updated); and constant, based on the calibrated

values of w and a obtained over the 1995-2002 sample period (CBCstatic).

Using the excess returns of the long-short strategy, we de�ne a tradable factor for

each sorting variable mentioned above. For example, the CBCfactor is de�ned as the

excess return of the long-short strategy (G4 minus G1), where G1 and G4 portfolios are

the �rst and fourth quartile portfolios sorted by CBC, respectively. We also consider a

dollar factor as in Lustig, Roussanov, and Verdelhan (2011), i.e. the currency excess

return on a portfolio strategy long all foreign currencies with equal weights and short

the domestic currency, and denoted as DOL. This gives us seven factors:CBC(which

is available in two variants, updated and static), TTNC, TImb, FD, GImb, V-weighted

TImb, and DOL. DOL is routinely used as the �rst factor in candidate pricing kernels

in a vast literature on currency asset pricing, essentially playing the role of a level

currency factor similar to the market factor in equity asset pricing models.

The results for the portfolio sorts for CBCand the benchmark strategies described

above are shown in Panel A of Table 2. Columns G1 to G4 present the equal-weighted

average excess returns of the different portfolios. Recall that we use CBCin two differ-

ent ways in this out-of-sample analysis. Starting from the case where w and a are up-

dated over time conditioning on new information becoming available ( CBCupdated),

we �nd that the average returns increase monotonically from the �rst portfolio G1 to

the last portfolio G4. When using CBC constructed based on the calibrated values of

w and a obtained over the 1995-2002 period (CBCstatic), the results are qualitatively

identical. This result is not surprising given the stability displayed by w and a over

time illustrated earlier, and it is reassuring in that it should allay any concern about

potential look-ahead bias. The monotonic increase in the excess returns of portfolios

G1 to G4 also occurs for FD, i.e. carry. Comparing the average excess returns of the

long-short portfolio (long G4 and short G1) shows that CBC clearly delivers, across

all strategies, the highest average return (statistically signi�cant at least at the 5% sig-

ni�cance level), and the highest annualized Sharpe ratio, i.e., 0.54 and 0.65 for CBC

updated and static, respectively.
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[Insert Table 2 about here]

To see how the various characteristics perform over time, we also plot the long-

short portfolios' cumulative returns from 2003 to 2021 in Figure 5. Several characteris-

tics have strong performance before 2008, but after 2008CBCclearly dominates relative

to other sorting variables.

[Insert Figure 5 about here]

While our theoretical framework directly models the currency risk premium rp as

in eq. (10), and the variable rx i ,t as de�ned in eq. (21) serves as a precise empirical

counterpart to rp, it is instructive to dissect the factor returns outlined in Table 2 into

FD and SR. This allows us to scrutinize the relative contributions of these two com-

ponents to the average excess returns resulting from various sorting variables, and to

ascertain whether a characteristic (strategy) generates returns only by capturing the

interest rate differential (carry, FD) across countries or whether it also has predictive

power for spot exchange rate returns (SR). The results from decomposing the excess

returns into the interest rate component, FD, and the spot rate component, SR, are pre-

sented in the last three columns of Table 2. We �nd that for CBC(updated), 2.5%, out

of the 3.21% excess return, is attributable to FD, with a similar value of 2.7% observed

for CBC static. Consequently, the spot component contributes around 21% (24%) of

the excess return for the CBC updated (static) factor, which is non-trivial. The spot

component represents 30% of theGImbfactor, and 6% of the V-weighted TImb factor.

However, for TTNC, TImb, and FD, the spot component is negative, indicating that

these characteristics extract all of the positive excess return from interest rate differen-

tials. The FD factor (carry trade) stands out with the highest FD component at 7%, but

its spot component is also the most negative at -5.4%, consistent with the literature and

the mechanics of the currency carry trade. Overall, with the spot predictability com-

ponent accounting for over 20% of its excess return, CBC is a currency characteristic

that does not only capture interest rate differentials but also predicts currency returns

out of sample.
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Trade imbalance network v.s. alternative networks. In this section, we present the

results from comparing the trade imbalance network with alternative networks. These

include: the CPIS network, which is based on bilateral �nancial asset and liability link-

ages; the FDI network, which is based on bilateral FDI; and the total trade network of

Richmond (2019). This allows us to analyze in more depth the potential differences

between the trade imbalance network centrality and the centrality of the total trade

network of Richmond (2019), as well as network centrality measures based on both

short-term (portfolio) �ows and long-term (FDI) �ows. To mitigate “residency” bias,

we use the restated CPIS data from Coppola et al. (2021) for the available countries

and then merge it with the original CPIS data for other countries in our sample. The

restated CPIS data covers the period from 2007 to 2020, while the currency data spans

2008-2021.

Due to the limited sample period and the low frequency of the data, conducting

both in-sample and out-of-sample analyses for the alternative networks based on CPIS

and FDI is not feasible. Therefore, we restrict our analysis of the alternative networks

to in-sample estimation and apply the same method as in Section 3.3 to estimate the

parameters a and w of eq. (27) for each alternative CBC constructed in this section.

We compare the performance of these alternative CBCs against the trade imbal-

ance network-based CBC, and report the results in Panel B of Table 2. The CPIS net-

work is based on the original CPIS �nancial linkages without restatements. CPISTH

adjusts the CPIS network by reallocating securities issued by af�liates in tax havens.

CPISFR extends this reallocation to securities issued by af�liates in all countries. The

FDI network is constructed from bilateral data covering all sample countries. RMADJ,

from Richmond (2019), is based on the adjacency matrix of total trade. These networks

yield �ve alternative CBCs. The results in Panel B of Table 2 make clear that none

of the alternative networks exhibit comparable performance to CBCconstructed using

the trade imbalance network. Speci�cally, all long-short (G4-G1) portfolios constructed

from these alternative CBCs yield average excess returns that are low and statistically

insigni�cantly different from zero, and low Sharpe ratios. Furthermore, the excess re-
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turns from G1 to G4 do not display a monotonic pattern. These results suggest that the

trade imbalance network is empirically superior to these alternative networks in terms

of predictive power for the cross-section of currency excess returns, which we inter-

pret as evidence that the trade imbalance network is (more) naturally aligned with our

CBCmeasure, as predicted by the theoretical framework. 32

Spanning regressions. Next, we ask how the time-series variation of the CBC fac-

tor is related to that of various factors. By design, this CBCfactor captures �nanciers'

limited commitment embedded in the global imbalance network. Therefore, it is also

interesting to check if the CBCfactor is correlated with intermediary asset pricing fac-

tors, in addition to all other factors considered so far in Panel A of Table 2. To this

end, we consider two well-known intermediary asset pricing factors due to Adrian,

Etula, and Muir (2014, AEM) and He, Kelly, and Manela (2017, HKM). The details for

constructing the tradable AEM and HKM factors are presented in Internet Appendix I.

[Insert Table 3 about here]

According to Barillas and Shanken (2017), when all factors are tradable, OLS re-

gressions are all that is needed to establish whether one factor prices another and the

focus can be directly on the alpha of the regression. Therefore, we regress theCBC

factor on each of the above existing factors and examine the size and statistical signif-

icance of the alpha in the regression to test whether any of these factors subsumes the

information in CBC. In essence, the alpha coef�cients alongside their statistical signif-

icance allow us to assess whether theCBC factor is subsumed by these factors. The

results are reported in Table 3a. These results show that the alpha coef�cients are sta-

tistically signi�cant for all regressions, and they are economically large. This is clear

evidence that the CBC factor captures information that cannot be spanned by these

currency pricing factors or the intermediary asset pricing factors considered.

32. This result is particularly clear-cut, given that the alternative networks are tested in sample, rather than out of
sample, and yet they underperform relative to CBC based on trade imbalances. We present in Internet Appendix J.2
the in-sample results from estimating a and w for all alternative CBCs on the same, overlapping sample period
(2008-2021), for comparison. Given these estimates ofa and w, the results also con�rm over a common sample
period that the CBC measure constructed using the trade imbalance network displays the strongest correlation
with (predictive power for) currency excess returns across all of the networks considered.
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We then ask the question whether and how well the CBCfactor explains other fac-

tors by regressing each of these factors on theCBCfactor. Again, we focus on the size

and statistical signi�cance of the alpha in the regression to test whether CBCsubsumes

the information in each of the factors considered. 33 The results are reported in Table 3b.

We �nd that all of the alphas except one are statistically insigni�cantly different from

zero. The only exception is that the alpha coef�cient of the GImbfactor of Della Corte,

Riddiough, and Sarno (2016) is statistically signi�cant. This suggests that although the

GImb factor delivers a lower return than the CBCfactor in the performance compari-

son shown in Panel A of Table 2, it carries some information that cannot be explained

by the CBCfactor, amounting to an alpha of just over 2% per annum. 34

Summing up. In summary, the performance comparison in this section con�rms the

predictive power of CBCboth in- and out-of-sample, and further suggests that its in-

formation content cannot be subsumed by any of the alternative factors considered. In

the following section, we proceed to a formal cross-sectional asset pricing test.

4.2 Cross-sectional asset pricing tests

Motivating cross-sectional asset pricing tests. Let us start by noting that it is not

obvious analytically that our theoretical framework implies heterogeneous risk expo-

sures of CBC-sorted portfolios and, hence, the validity of cross-sectional asset pricing

tests. This consideration applies equally to the Gabaix-Maggiori theory on which our

theory builds. We address this issue at the outset of this section by studying the cross-

sectional implications of the Gabaix-Maggiori model via simulation.

We report this simulation analysis in detail in Internet Appendix E, whereas we

summarize here only its main features and learning points. We �rst show that the

model can be rewritten as a nonlinear one-factor model for currency returns. Unsur-

prisingly, the cross-section of currency returns cannot be expressed as an analytical

33. See Hou and Robinson (2006) for a similar practice of placing a key factor on either side of regressions
separately.

34. This is presumably becauseGImb is constructed using not only information on external imbalances but also
data on the proportion of external liabilities denominated in domestic currency, which does not enter the construc-
tion of CBC.
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function of the risk exposure, say b, of a portfolio excess return sorted on CBC. In

our simulation design, we consider a two-period version of the model, and allow for

a generic source of uncertainty in the second period. 35 We then calibrate the model

and conduct a simulation analysis to explore the relationship between the model's

expected returns, CBCand b.

The results of 1,000 simulations (see Figure A4) show clearly how the currencies of

countries with positive (negative) b experience positive (negative) average returns in

equilibrium. This evidence con�rms the intuition that the model implies CBC-sorted

portfolios should have different risk exposures to a common risk factor, justifying the

use of cross-sectional asset pricing tests to verify the validity of the model. See Internet

Appendix E for a detailed discussion of the design and results of these simulations. It

is important to note, however, that in the simulation CBC-sorted portfolios are not by

design related to risk exposures to the common factor, as we are not assuming that CBC

is correlated with risk exposures; put another way, currency returns' heterogeneous

risk exposures arise endogenously instead of exogenously from the simulation design.

Results from asset pricing tests. In the cross-sectional asset pricing tests, we consider

a set of 24 test assets, which are the four portfolio excess returns (G1 to G4) for each of

the six sorting variables: CBCstatic, TTNC, TImb, FD, GImband V-weighted TImb. We

then perform the two-step Fama-Macbeth (FMB) procedure using a two-factor pricing

kernel with DOL and CBC.36

In Panel A of Table 4, we present the results of the �rst step of the FMB procedure

applied to the CBC portfolios, i.e., the time series regression of each CBC portfolio

excess return on an intercept (alpha), the DOL factor and the CBC factor. The esti-

mated coef�cients of the DOL factor are positive and strongly statistically signi�cant,

but they are also similar for the four portfolio returns, as expected from a level factor

35. We refer to a “generic” source of uncertainty here because in the data generating process uncertainty is not
structurally related to �nancial intermediation. However, in light of the empirical evidence presented later in the
paper that CBC-sorted excess returns comove with �nancial intermediation capacity, it is tempting to think of this
generic source of uncertainty as capturing �nancial intermediation risk.

36. In the asset pricing tests below, we useCBC in its static variant, but the results are qualitatively unchanged
when using its updated variant.
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and consistent with the literature (Lustig, Roussanov, and Verdelhan 2011; Della Corte,

Riddiough, and Sarno 2016). In contrast, the estimated coef�cients on the CBCfactor

increase monotonically from G1 ( � 0.417) to G4 (0.583), indicating clear heterogeneous

exposures of the four CBC-sorted portfolios and suggesting that CBCis a slope, pric-

ing factor. Panel A also reports the average absolute alpha, both for the four time series

regressions of the CBC portfolio excess returns and for all 24 time series regressions.

These average absolute alphas are small, and the Gibbons-Shanken-Ross tests (GRS4

and GRS24) suggest that the null hypothesis that the alphas are jointly zero cannot be

rejected at conventional statistical signi�cance levels. In turn, this evidence indicates

that the two-factor model can price both the cross-section of CBC-sorted portfolio re-

turns and the full cross-section of 24 portfolio excess returns.

Panel B reports the results of the second step of the FMB procedure, i.e., the cross-

sectional regression, where we estimate the price of risk of CBC. In addition to the 24

average portfolio excess returns, we also add the six benchmark factors (G4 - G1, see

Section 4.1) to the test assets, as suggested by Lewellen, Nagel, and Shanken (2010).

The risk premium estimate for DOL (l DOL) is statistically signi�cant, but it is small in

magnitude, less than one percent annualized (0.056� 12 = 0.672), which is not sur-

prising and consistent with the literature. The risk premium estimate of the CBCfactor

(l CBC) is positive and strongly statistically signi�cant; its magnitude implies a risk pre-

mium of more than four percent annualized (0.344 � 12 = 4.128). The cross-sectional

regression has anR2 of 0.753, suggesting that the model adequately captures the cross-

sectional variation in the test asset returns. Furthermore, the result from the c2 test for

the null that the alphas are jointly zero con�rms the earlier conclusion from the GRS

test and indicates that the pricing errors are statistically insigni�cantly different from

zero.

In Panel C, we report results from the second step of FMB where we �x the risk

premium of CBC to its sample mean, which is 0.298. By no-arbitrage, since CBC is

a return-based factor, the estimate of the risk premium must equal the factor mean.

However, in Panel B, we �nd that the 95% con�dence interval of the estimated l CBC
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does not include (by a very small margin) the sample mean of the CBCfactor.37 There-

fore, it seems useful to check that the two-factor model prices the test assets when the

risk premium of CBCis set to be the factor mean. We �nd that the R2 is lower in this

case (0.454), but thec2 test continues to con�rm that the pricing errors are zero and

hence the results are qualitatively identical. This veri�es that the pricing ability of the

two-factor model does not depend on the ability to treat l CBC as a free parameter in

estimation.

Overall, the asset pricing test results in this section con�rm that currency risk pre-

mia are tightly linked to the CBCfactor, which is strongly priced in the cross-section

of test assets considered in our setting.

[Insert Table 4 about here]

4.3 The dominant role of neighborhood importance

In the Gabaix-Maggiori theory, the external imbalances in the trading network are a

key characteristic explaining currency risk premia, as the expected currency apprecia-

tion in a country is positively related to the long position in bonds that �nanciers hold

in this country. The value of this position is the total imbalance (de�cit de�ned to be

positive, and surplus de�ned to be negative) of this country in Gabaix and Maggiori

(2015). As shown in Proposition 1, the result that q is both the total imbalance and

the position �nanciers hold can be generalized to a multi-country setting. However,

whether the cross-sectional relation between the currency risk premia and q is positive

is not straightforward given that Gis now a matrix, while it is a scalar in a two-country

setting.

To see this point in our setting, we spell out from eq. (10) the i-th element of

E ( x̄1 � x0), which we call rpi (i.e., risk premia for currency i) for convenience:

rpi = Gii qi + å
k6= i

Gikqk. (28)

37. Speci�cally, given the estimate of the standard error of 0.041, the lower bound of the 95% con�dence interval
is 0.303, whereas the sample mean of the CBC factor is 0.298, which is consistent with the annualized value of 3.58%
reported in Panel A of Table 2.

38



The difference between the risk premia of two currencies i and j is:

rpi � rpj = Gii qi + å
k6= i

Gikqk � Gjj qj � å
k6= j

Gjkqk

=
�
Gii � Gji

�
qi �

�
Gjj � Gi j

�
qj + å

k6= i or j

�
Gik � Gjk

�
qk

=
�
Gii � Gji

�
Dqi j

| {z }
total imbalance

+
��

Gii � Gji
�

�
�
Gjj � Gi j

��
qj

| {z }
individual importance

+ å
k6= i or j

�
Gik � Gjk

�
qk

| {z }
neighborhood importance

(29)

where Dqi j = qi � qj . Thus eq. (29) makes clear that the cross-sectional variation in

rpi has three components: total imbalance, individual importance, and neighborhood

importance. This means that the total imbalance q is not the sole driver of the cross-

section of currency risk premia. Indeed, qi > qj does not necessarily imply rpi > rpj

except for most simpli�ed cases, e.g., when Gis a diagonal matrix with Gii positively

related to qi . In essence, eq. (29) highlights the importance of the network structure re-

�ected in Gfor explaining the cross-section of currency risk premia. Next, we explore

the role of Gas a function of A in explaining currency risk premia. Guided by eq. (29),

we can empirically analyze the relative importance of these three components in driv-

ing the cross-section of currency premia via both panel regressions and a variance

decomposition.

First, using panel regressions, we regress pair-wise realized currency premia dif-

ferences on these three components. To gauge the relative explanatory power of each

component, we follow Johannesson, Ohlson, and Zhai (2023) and report the stan-

dardized beta coef�cients for these regressions in Table 5, enabling direct comparison

across regressions. The univariate regressions in Columns 2 to 4 of Table 5 reveal that

the neighborhood importance component has a standardized beta coef�cient of about

0.34, more than twice that of the total imbalance component (0.14) and four times that

of the individual importance component (0.08). In the multivariate regression (column

5 of Table 5), the standardized beta coef�cients for the individual and neighborhood

importance components remain nearly unchanged, while that of the total imbalance

component decreases by half. This pattern is also re�ected in the adjusted R2 values.
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Overall, this panel regression exercise showcases the dominant role of neighborhood

importance in explaining the actual pair-wise currency premia differences and, there-

fore, the value added of allowing for network effects to explain currency risk premia.

[Insert Table 5 about here]

Second, we use the model to decompose all unique pair-wise currency premia dif-

ferences, Drpi ,j = rpi � rpj de�ned in eq. (29), into the three components over all

sample years, allowing for a variance decomposition. Thus, in this variance decom-

position, we focus on model-implied (rather than realized) pair-wise currency premia

differences. We adjust the three components so that each year's model-implied premia

have the same min and max values as their empirical counterparts in that year via an

af�ne rank-preserving transformation. 38 The variance decomposition exercise is in the

spirit of Nozawa (2017). Pooling all these pair-year data together (both cross-sectional

and time-series) allows us to compute the variance ratios of the three components rel-

ative to Drpi ,j .39

[Insert Table 6 about here]

The results are presented in Table 6. The sample means of the three components are

close to zero, so is the sample mean ofDrpi ,j , as shown in Table 6a. The variance ratio

(VR) results in Table 6a provide interesting insights: the total imbalance component

explains about 11% of the cross-sectional variation in the implied currency premia; the

individual importance component explains very little of the variation, about 5%; the

majority, around 68%, of the variation is explained by the neighborhood importance

component. This result further highlights the importance of considering all three com-

ponents rather than just total imbalances, as predicted by the theory.

38. Given a vector of v, a target maximum a, and a target minimum b, the af�ne rank-preserving transformation
is de�ned as:

v̄ =
�

a
max(v) � min (v)

�
b

max(v) � min (v)

�
v +

�
max(v)b

max(v) � min (v)
�

min (v)a
max(v) � min (v)

�
.

Since v̄ is an af�ne transformation of v, it preserves the rankings of elements in v. From the above de�nition,
max( v̄) = a and min ( v̄) = b.

39. The elements ofq are involved in the variance decomposition through all three components as shown in
Equation (29).

40



It is worth noting that the VRs do not add up to one as the three components are

not orthogonal by construction. Their correlation coef�cients are shown in Table 6b.

Again, among the three components, the neighborhood importance has a very high

correlation with Drpi ,j (0.96 with a standard error of 0.03). The total imbalance compo-

nent is also signi�cantly positively correlated with Drpi ,j (0.57 with standard error of

0.16). The individual importance component is not signi�cantly correlated with Drpi ,j

or either of the other two components. The total imbalance and the neighborhood

importance components are positively correlated, which is intuitively consistent with

the notion that countries with a larger imbalance tend to have larger centrality and

stronger connections with other countries.

To show the extent to which a and w affect the distribution of the VRs, we vary a

and w from zero to one and recompute these VRs for various combinations of a and

w from the variance decomposition. The results are shown in Figure 6. Overall, the

results con�rm that the neighborhood component is crucial in explaining the cross-

sectional variation in the implied currency premia when a is not zero and w is not one.

The total imbalance dominates the other two components only when a approaches

zero and w approaches one, i.e., whenGapproaches the identity matrix, I .40

[Insert Figure 6 about here]

As speci�ed in eq. (23), our empirical setup has much �exibility that accommodates

the total imbalance component-only scenario as a special case (w = 1 and a = 0). The

fact that the calibrated model is far away from the total imbalance component-only

scenario speaks directly to the importance of the trade imbalance network in explain-

ing the variation of the implied currency premia. The results in Table 6 and Figure 6

quantify the relative importance of the three components, echoing the same message

from the panel regressions in Table 5. The dominance of the neighborhood importance

component highlights the essential role of trade imbalance network centrality empha-

sized in our theoretical motivation.

40. It is interesting to note that the effect of a on the neighborhood importance is nonlinear: as a moves away
from zero towards one, the impact increases and peaks around a = 0.3, and then decreases slightly and stabilizes.
This observation could be a feature embedded in the global trade imbalance network.
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4.4 Relationships between trade imbalance network and risk bearing capacity

In this section, we present more direct evidence on the relationship between the trade

imbalance network and �nanciers' risk-bearing capacity. Risk bearing capacity as such

is not observable since it is a concept that captures various dimensions that affect the

willingness and/or ability of �nanciers to bear risk.

Evidence from excess returns and common proxies of risk-bearing capacity. First,

we examine how the currency excess returns obtained from portfolios sorted on CBC

correlate with various proxies for risk-bearing capacity. To this end, we consider vari-

ous proxies for risk-bearing capacity proposed in the existing literature. In Gabaix and

Maggiori (2015)'s framework, risk-bearing capacity is in�uenced by shocks to condi-

tional foreign exchange (FX) volatility. Della Corte, Riddiough, and Sarno (2016) utilize

changes in the VXY index as a stand-in for conditional FX volatility risk to approxi-

mate risk-bearing capacity. Two VXY indices (VXY-G7 and VXY-EM), developed by JP

Morgan, serve as the FX equivalent of the VIX index and track the implied volatility of

currencies in G7 and emerging countries, respectively. They capture overall currency

volatility by using a turnover-weighted approach. This method aggregates volatil-

ity data from three-month, at-the-money forward options for each currency group

(G7 or emerging markets). Meanwhile, Fang and Liu (2021) theoretically and empiri-

cally show that leverage constraints of �nanciers drive exchange rates, using the TED

spread, exchange rate volatility, and the liquidity-based measure of �nancial commer-

cial paper outstanding (FCPO) as proxies.

Following this literature, we proxy �nanciers' risk-bearing capacity using the TED

spread, de�ned as the interest rate difference between three-month interbank deposit

rate and three-month Treasury bill; the foreign exchange volatility indices VXY-G7

and VXY-EM; and the liquidity-based measure FCPO. In addition, we also employ an-

other illiquidity-based proxy speci�c for the FX market, the global FX bid-ask spread
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(GBAS), introduced by Menkhoff et al. (2012a).41 Finally, we also consider the Chicago

Board Options Exchange (CBOE) Volatility Index, VIX.

All of the above indicators are counter-cyclical (the TED spread, volatility indices,

illiquidity), except for FCPO. Therefore, risk bearing capacity is expected to be high

(low) when the TED spread, volatility indices VIX, VXY-G7, VXY-EM, and the illiq-

uidity measure GBAS are low (high), and when FCPO is high (low). Since the excess

returns of the CBC strategy are pro-cyclical (given their positive average mean), they

are expected to be high in good times (when risk bearing capacity is high), and low in

bad times (when risk bearing capacity is low). This means that one would expect that

CBC excess returns are correlated negatively with all of these proxies of risk-bearing

capacity except for FPCO. One would also expect that the exposure of G4 portfolio

excess returns sorted on CBC is strongly negative (positive) for counter-cyclical (pro-

cyclical) indicators, and that G1 portfolio excess returns are less strongly exposed to

these proxies.

We calculate the correlations between the annualized returns of the CBC strategy

(G4 minus G1) and the four portfolio groups (G1 to G4) sorted in ascending order of

CBC, with each of the proxies for risk-bearing capacity – namely, the TED spread, VIX,

VXY-G7, VXY-EM, FCPO, and GBAS.42 The correlation results, presented in Table 7,

show that that the excess returns of the CBC strategy (G4-G1) are negatively correlated

with all risk-bearing capacity measures, except for FCPO, consistent with the notion

that CBC excess returns are higher when risk bearing capacity is high. The correla-

tion with FCPO is not statistically signi�cantly different from zero, although it has

the expected positive sign, whereas the correlations with all other proxies are strongly

statistically signi�cantly different from zero.

41. The GBAS measure from Menkhoff et al. (2012a), denoted as y FX
t , is calculated as, y FX

t =

1
Tt å

t 2 Tt

"

å
k2Kt

�
y k

t
Kt

� #

, where y k
t is the percentage bid-ask spread of currency k on day t . Higher BAS values in-

dicate lower liquidity, so the aggregate measure y FX
t serves as a global proxy for FX market illiquidity. Tt denotes

the total number of trading days in month t.
42. All risk-bearing capacity proxies are calculated as log differences, except GBAS, which is calculated in �rst

differences. We have also tested AR(1) residuals and percentage change transformations for these variables and the
results are qualitatively the same.
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We also note from Table 7 that the individual portfolio excess returns sorted on

CBC (G1 to G4) comove with these proxies for risk-bearing capacity with the same

sign as the CBC strategy excess returns (and statistically signi�cant), but the correla-

tion of the excess returns for G4 is higher (in absolute size) than the correlation for G1.

Indeed, for three indicators (the TED spread, VIX, VXY-G7), the exposures display a

monotonic pattern as one moves from G1 to G4. This is again consistent with what one

would expect if the trade imbalance network is related to risk bearing capacity. How-

ever, it is also clear that the correlations are far from being perfect, with the strongest

correlation reaching about -0.615 (for VXY-EM with the CBC Group 3 returns). In turn,

this suggests that, while CBC excess returns are related to all of these proxies that cap-

ture different dimensions of risk bearing capacity, none of these proxies is likely to

subsume fully the information in CBC excess returns.

[Insert Table 7 about here]

Evidence from CBC and sovereign debt holdings. Next, we explore the direct as-

sociation between CBC and sovereign debt holdings. As highlighted by Fang, Hardy,

and Lewis (2024), the evolving composition of sovereign debt investors offers valuable

insights into �nanciers' sensitivity to �nancing costs and sovereign debt sustainabil-

ity. Given that sovereign debt is primarily held by institutional investors, we argue

that net sovereign holdings – de�ned as domestic investors' holdings minus foreign

investors' holdings – are related to their risk-bearing capacity and outside options.

Speci�cally, when �nanciers have better outside options (e.g., due to the greater com-

plexity of their balance sheets stemming from operating in a more central position

in the global trade imbalance network), their risk-bearing capacity is lower (Gabaix

and Maggiori 2015). In such cases, they can secure higher currency returns by invest-

ing their capital abroad, leading them to reduce their holdings of domestic bonds. In

our model, CBC is expected to be negatively associated with risk bearing capacity

and, therefore, positively associated with outside options. Consequently, the mecha-

nism in our theoretical framework implies a negative correlation between CBC and
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net sovereign holdings. In Figure 7 we provide evidence that supports this logical im-

plication of the mechanism.

For this exercise, we employ a subset of the data used and made available by

Fang, Hardy, and Lewis (2024), to match our sample period and universe of coun-

tries. These data contain the domestic and foreign holdings of sovereign debt in 27

currencies. The domestic holdings are decomposed into domestic central bank (CB),

domestic bank (DB), and domestic non-bank holdings (DN); the foreign holdings are

decomposed into foreign of�cial (OF), foreign bank (FB), and foreign non-bank hold-

ings (FN).43 The holdings of bank and non-bank institutions are of course very dif-

ferent from the holdings of central banks and international agencies, as the latter

are far less (or not at all) motivated by risk-return considerations, and indeed Fang,

Hardy, and Lewis (2024) argue that (changes in) these holdings are largely inelastic

to changes in prices. Therefore, we consider not only total net sovereign holdings,

but also net sovereign holdings net of the of�cial sector (i.e. net of the central banks

and of�cial groups), and the net holdings of the of�cial sector, separately. Speci�-

cally, we de�ne three net sovereign debt holdings ratios: 1) the net sovereign debt

non-of�cial holding ratio, de�ned as domestic bank plus domestic non-bank minus

foreign bank minus foreign non-bank, scaled by total sovereign debt outstanding,

[DB + DN � FB � FN]/ D; 2) the net sovereign debt holding ratio, de�ned as do-

mestic holdings minus foreign holdings, scaled by total sovereign debt outstanding,

[DB + DN � FB � FN + ( CB � OF)]/ D; 3) the net sovereign debt of�cial holding ra-

tio, de�ned as domestic central bank holdings minus foreign of�cial holdings, scaled

by total sovereign debt outstanding, [CB � OF]/ D. These net sovereign debt holding

ratios are sorted annually into quartiles (G1 to G4) in ascending order based on their

currency's CBC. Figure 7 shows the over-time average values of these ratios across the

four groups, G1 to G4. Among the three investor types, non-of�cial investors (bank

and non-bank investors) are conceptually closest to the �nanciers in our model, and

43. For more details of the data, the reader is referred to the data section and Internet Appendix of Fang, Hardy,
and Lewis (2024).
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hence our primary interest is on the behavior of the net sovereign debt non-of�cial

holding ratio.

The results shown in Figure 7 indicate that the net sovereign debt non-of�cial hold-

ing ratio decreases monotonically from G1 to G4, which suggests domestic bank and

non-bank institutions hold less of the outstanding debt for higher CBC countries. This

is consistent with CBC being associated negatively with risk-bearing capacity. This in-

terpretation is further supported by the negative correlation between CBC and the net

sovereign debt non-of�cial holding ratio (about � 0.1), which is statistically signi�cant

at the 5% level.

This monotonicity pattern also holds for the net sovereign debt holding ratio, which

is not surprising because the net holdings of the of�cial sector, [CB � OF]/ D are fairly

small relative to the non-of�cial sector. However, although the net sovereign debt

holding ratio decreases monotonically from G1 to G4, the negative correlation of � 0.07

is not statistically signi�cant, which raises the question of whether the of�cial sector

net holdings are unrelated to the CBC and their inclusion in the net holdings ratio

weakens the correlation with CBC. Indeed, of�cial investors – such as central banks,

governments, and international organizations – are likely to be less sensitive to out-

side options, and Figure 7 shows clearly that net sovereign debt holdings by of�cial

investors display a non-monotonic and fairly �at pattern across the CBC groups. This

corroborates the presumption that these holdings are not related to risk-bearing ca-

pacity. In this sense, the lack of a statistically signi�cant relationship between the net

of�cial holding ratio and CBC serves as a placebo test, reinforcing the argument that

CBC is related to the risk-bearing capacity of �nancial intermediaries. 44

[Insert Figure 7 about here]

In summary, we �nd clear relationships between the returns of the CBC strategy as

well as the CBC measure per se and various risk-bearing capacity proxies, implying

44. A caveat is in order. This exercise is carried out using holdings data, but ideally one would want to estimate
the cross-demand elasticity between demand for countries i and j's bonds as a function of the trade relationship
between countries i and j. This would require estimating a structural model, or identifying demand for sovereign
bonds using a fully-�edged asset demand system as in Fang, Hardy, and Lewis (2024), preferably country by
country. This is a nontrivial task that is not possible to carry out on our data given the short sample period and the
small number of observations at our disposal.
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that the trade imbalance network centrality is indeed related to �nanciers' risk-bearing

capacity. Of course, this statement needs to be interpreted with caution as risk bearing

capacity is not directly observable, and the proxies we use in this analysis may well

capture information that is not solely related to risk bearing capacity.

4.5 Centrality in the trade imbalance network v.s. the total trade network

In this section we dig deeper into the differences between Richmond (2019)'s centrality,

which is based on total trade, and our proposed trade imbalance network centrality.

It is clear from our earlier discussion that, although both measures of centrality focus

on international trade, they are very different in terms of both their de�nitions and the

mechanism via which they impact on the cross-section of currency risk premia. This

is the case for a number of reasons, not least because Richmond's theory is based on

a model with complete �nancial markets, whereas in our theoretical extension of the

Gabaix-Maggiori theory, we allow for incomplete �nancial markets.

Throughout the paper we have worked within our theoretical framework with in-

complete �nancial markets. In this section we consider, indirectly, if this is necessary

or, instead, one could rationalize our results in complete markets within the Richmond

model. We report this analysis in detail in Internet Appendix G, whereas we summa-

rize here only its main features and learning points.

We simulate currency returns data based on the theoretical framework of Rich-

mond (2019), and hence under complete �nancial markets. Given that we are simulat-

ing from Richmond's model, the total trade centrality measure is linked perfectly with

currency risk premia by construction. We then compute the trade imbalance network

centrality, under our de�nition of centrality, within the model of Richmond (2019),

and explore the relationship between the trade imbalance network and currency risk

premia in this setting.

The results indicate that the relationship we observed in our empirical work dis-

appears in this model, i.e., the currencies of central countries in the trade imbalance

network do not offer higher risk premia anymore. This implies that the trade imbal-
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ance network in a complete-markets setting like the one of Richmond (2019) is not

related to the cross-section of currency risk premia. We view this as indirect evidence

that incomplete markets are required for the link between the trade imbalance network

and currency risk premia to arise.

As a note of caution, it should be clear that this simulation exercise is not a test of

Richmond's theory against our theory. It is merely an exercise to address the question

of whether our empirical �ndings in this paper could be rationalized in a complete-

markets setting, and the theory of Richmond (2019) is the logical candidate model for

this purpose.

4.6 Counterfactual analysis

In this subsection, we apply our framework to assess the impact of two recent inter-

national events on global currency premia via counterfactual analyses. We look at the

US-China trade war starting in 2018, and the collective trade sanctions against Russia

in the wake of its 2022 invasion of Ukraine.

In 2018, the US and China escalated tariffs that ultimately covered about $450 bil-

lion in trade �ows. By late 2019, the US had imposed tariffs on roughly $350 billion

of Chinese imports, and China had retaliated on $100 billion US exports, with many

of the escalated tariffs persisting beyond 2021 (Fajgelbaum and Khandelwal 2022; Fa-

jgelbaum, Goldberg, et al. 2023). In response to the 2022 Russian invasion of Ukraine,

a broad swathe of countries have imposed a bevy of sanctions against Russia. More

than 35 countries (including many large industrialized economies) have participated

in efforts to limit Russia's access to the global economy (Allen 2022). Existing studies

on the US-China trade war and the sanctions against Russia focus on real economic

impact (Fajgelbaum and Khandelwal 2022; Allen 2022) and costs for equity markets

(Huang and Lu 2022). Using counterfactual analyses, our framework allows us to pin

down the effects of these events on the trade imbalance network and the implications

on global currency risk premia.
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US-China Trade War. In our data, we �nd the relative de�cit (de�ned as the ratio of

net import to total trade) the US had with China went up to 0.60 in 2019 from 0.54

in 2017. This indicates that the trade war had a larger reduction in China's imports

from the US than the other way around. This is consistent with existing evidence that

US consumers of imported goods have borne the brunt of the tariffs through higher

prices (Fajgelbaum and Khandelwal 2022). The effect of the US-China trade war clearly

goes beyond impacting these two countries, as bystander countries increased their

trades with the US and China (Fajgelbaum, Goldberg, et al. 2023). In our counterfactual

analysis, we take the adjacency matrix of the global trade imbalance network in 2017

as the base and replace its rows and columns corresponding to the US and China with

those from the adjacency matrix in 2019. By doing so, we essentially isolate changes in

the adjacency matrix due to the trade war. We attribute any resulting changes in the

CBCranks to the impact of the US-China trade war. We present the results in Figure 8.

Interestingly, we �nd that the rank of CNY has not changed and the seven currencies

noticeably affected are THB (3% raise in the percentage ranks), RUB (3% drop), GBP

(3% raise), IDR (3% drop), PHP (3% raise), SEK (3% drop), ZAR (3% raise), SAR (3%

raise), and MXN (6% drop). The fact that these currencies are not directly involved in

the US-China trade war shows that within a complex trade imbalance network, one

international event could have far-reaching effects on seemingly unrelated currencies.

[Insert Figure 8 about here]

Russia-Ukraine Con�ict. Next, we turn to study the impact of the collective trade

sanctions against Russia in response to its 2022 invasion of Ukraine. With reference to

Funakoshi, Lawson, and Deka (2022), we identify a group of currencies, USD, EUR,

GBP, AUD, JPY, CAD, CHF, NOK, PLN, KRW, and NZD, corresponding to the coun-

tries/economies that have imposed severe trade sanctions against Russia. For illus-

tration purposes, we simply assume the sanctions make Russia's trade activities with

these currencies shrink by 90% of the �gures in 2020.45 Speci�cally, we implement the

45. We choose 2020 instead of 2021 as the reference year to avoid the unusual impact of Russia's abnormal trading
activities in 2021 on the network. There was a dramatic increase in Russia's exports in 2021 relative to the average
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reduction of trade activities by multiplying 0.1 to the values of elements related to

RUB and the group of currencies in the adjacency matrix of the trade imbalance net-

work in 2020. Then, we compare the ranks of CBCbefore and after this reduction. The

results, shown in Figure 9, suggest a signi�cant impact on global currency premia in

this case. There are seven currencies whoseCBCranks change noticeably. Among the

seven currencies, RUB has the largest drop, 6%, in the percentage ranks. It is worth

noting that DKK (3% drop), THB (3% drop), and ZAR (3% raise) are not in the group

of countries that imposed severe sanctions on Russia but display noticeable changes,

while GBP, AUD, JPY, CAD, CHF, and PLN, which are in the group, do not display

much of a change. This analysis again shows that the global trade imbalance network

brings complexity in assessing the effect of signi�cant international events on currency

premia. Our framework provides a useful tool for conducting such analyses.

[Insert Figure 9 about here]

5 Conclusions

Imbalances in trade and capital �ows shape our understanding of foreign exchange

rate �uctuations and currency risk premia. Different strands of the literature have

studied how currency risk premia are determined either in frictionless markets charac-

terized by a rich global trade network or in imperfect �nancial markets where frictions

generate limited risk-bearing capacity in a two-country setting. In this paper, we con-

sider a model of currency risk premia determination that combines these two impor-

tant features of currency risk premia determination: imperfect �nancial markets and a

global trade network. In the theory, the expected returns of currencies are connected

to their centrality in the global trade imbalance network through �nanciers' limited

commitment, captured using the Leontief inverse-based centrality of the global trade

imbalance network.

The theory provides clear testable implications and hence, guided by the model,

we construct a currency-level risk characteristic ( CBC) based on a score from the cal-

level from previous years. According to Russian of�cial sources, its goods exports totaled $492 billion in 2021, up
46% from 2020 (CRS 2023).

50



ibrated model that combines network centrality and variance-covariance of currency

returns. Empirically, we �nd that sorting currencies on CBCgenerates a large spread

in excess returns, implying that CBC embeds strong predictive power for the cross-

section of currency excess returns and carries a signi�cantly positive risk premium.

The time series variation in the CBC excess returns generated by this cross-sectional

strategy cannot be explained by a variety of currency pricing factors or by well-known

intermediary asset pricing factors. Taken together, these results point to a novel, sys-

tematic source of currency risk embedded in the CBCfactor.

Overall, this study provides theoretical and empirical support for the existence of

a connection between currency returns, risk-bearing capacity and the global trade im-

balance network, which is a robust relation largely overlooked in previous research.

However, more work remains to be done. Further research is warranted, for exam-

ple, to fully endogeneize the trade imbalance network in models of imperfect �nancial

markets by providing a deeper microfoundation of our results, and to explore em-

pirically the role of disaggregated trade data on international goods and services at

different stages of production. We leave these challenges to future research.
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Fig. 1: CBCversus currency risk premia

Notes: This �gure plots the global trade CBCmeasure of 41 currencies versus the average of annualized risk premia.
The plots contain averages over three seven-year periods, i.e., 2003-2008, 2009-2015, 2016-2021. The trade data are
collected from the UN Comtrade Database. The foreign exchange (spot and forward currency rates) are collected
from Thomson Reuters Datastream. The centrality measure is log-scaled. For the Euro area, we construct a region
by aggregating trade information from all economic regions that adopted the euro in 1999.
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Fig. 2: Risk reduction effect of the Leontief inverse G

Note: The bar chart in this �gure compares the DF Ratio de�ned as the ratio of total divertable funds to overall

imbalance size,
å j2f A,B,Cg DFj

å j2f A,B,Cg kqj k
, across three different settings of Gin the three-currency example. Diag Gis the setting

with a diagonal G; Uninf. off-diag Gis a Gwith uninformative off-diagonal elements in each row; Leontief inverse
Gis ( I � 0.6A | ) � 1. The off-diagonal elements on row j of the Uninf. off-diag Gare the average value of the off-
diagonal elements on row j of the Leontief inverse G. The numerical values are B2A = 0.25, C2A = 0.1, and B2C =
0.2 and the numerical value of the three different Gs are as below:

Diag G=

2

4

A B C

A 1 0 0
B 0 1 0
C 0 0 1

3

5, Uninf. off-diag G=

2

4

A B C

A 1 0.12 0.12
B 0 1 0
C 0.07 0.07 1

3

5, Leontief inverse G=

2

4

A B C

A 1 0.17 0.07
B 0 1 0
C 0 0.13 1

3

5.
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Fig. 3: Calibrated w and a over time

(a) w and a

(b) Spearman correlation in the expanding window

Note: In this �gure, Panel (a) plots the calibrated w and a over time; Panel (b) plots Spearman correlations coef�cient
between all CBCs and currency risk premia over time. The sample period is from 2003 to 2021 (and the initial values
of w and a are calibrated using data from 1995 to 2002). The data frequency is yearly and the calibration is done
in yearly expanding windows. In Panel (b), the solid line is the Spearman correlation of the currency risk premia
and the model expected currency return based on calibrated w and a shown in Panel (a), and the dashed line
(dash-dotted line) is the Spearman correlation of the currency risk premia and the model expected currency return
assuming w = 0 and a = 0 (w = 1 and a = 0), i.e.,G= V (G= I ).
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Fig. 4: CBCrelative percentage ranks over time

Note: The top, middle, and bottom panels in this �gure show the over-time dynamics of the positions of the top,
middle, and bottom three currencies, respectively, in the percentage ranks. The currencies in different panels are
identi�ed through their full sample average percentage ranks, which are shown in the parentheses right next to
their legends in the plot. For example, the top three currencies are the top three currencies with the highest full
sample averageCBCranks in descending order.
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Fig. 5: Cumulative returns over time in portfolio sorting comparison

Note: This �gure plots the cumulative returns of buying G4 and selling G1 in the portfolio sorting using as character-
istics: CBC, total trade network centrality ( TTNC), trade imbalance (TImb), forward discount ( FD), global imbalance
(GImb), and variance-covariance weighted trade imbalance (V-weighted TImb), as well as the average currency ex-
cess return (DOL). TTNC is proposed by Richmond (2019), TImb is inspired by Gabaix and Maggiori (2015), FD
is the carry trade characteristic from Lustig, Roussanov, and Verdelhan (2011), GImb is used by Della Corte, Rid-
diough, and Sarno (2016), and V-weighted TImb is inspired by Gabaix and Maggiori (2015, OA). DOL is the cur-
rency “market” return in dollars available to a U.S. investor (Lustig, Roussanov, and Verdelhan 2011). The sample
period is 2003-2021, which is the out-of-sample period in our out-of-sample analysis. All returns are in percentage.
All characteristics are constructed based on information one year prior to the realized currency returns. Currencies
are sorted in the ascending order of CBC, TImb, FD, and V-weighted TImb, and in the descending order of TTNC
into quartiles (G1 to G4). For GImbthe G1 to G4 are formed from a 2 � 2 conditional double sorting by n f a and ldc
following Della Corte, Riddiough, and Sarno (2016). The sorted portfolios are rebalanced yearly.
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Fig. 6: Variance decomposition with varying a and w

Note: The panels in this �gure plot the (re-scaled) variance ratios of total imbalance (Total Imb.), individual importance (Indiv.), and neighborhood importance (Neigh.) given
different values of a and w. a goes from 0 to 0.9 in all three panels. The left panel shows the variance ratios components for w = 0.05, the center panel forw = 0.5, and the right
panel for w = 0.9. The results are generated based on the data in the out-of-sample period, from 2003 to 2021. For ease of presentation, the variance ratios are re-scaled to sum of
one, with their relative importance preserved for each combination of a and w.
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Fig. 7: CBC and sovereign debt net (domestic - foreign) holdings

Note: This �gure presents the average net sovereign debt holding ratios across four groups, G1 to G4, based on
three distinct de�nitions: 1) net sovereign debt non-of�cial holding ratio, de�ned as domestic bank plus domestic
non-bank minus foreign bank minus foreign non-bank, scaled by total sovereign debt outstanding (represented by
bars with solid outlines); 2) net sovereign debt holding ratio de�ned as domestic total holdings minus foreign total
holdings, scaled by total sovereign debt outstanding (represented by bars with dashed outlines); 3) net sovereign
debt of�cial holding ratio de�ned as domestic central bank holdings minus foreign of�cial holdings, scaled by total
sovereign debt outstanding (represented by bars with dash-dotted outlines). These net sovereign debt holding
ratios are sorted annually into quartiles (G1 to G4) in ascending order based on their currency's CBC. The sample
period spans from 2000 to 2018. Sovereign debt holding data are sourced from Fang, Hardy, and Lewis (2024). The
�gure legends display the correlation coef�cients between CBC and the three net sovereign debt holding ratios,
with statistical signi�cance denoted by stars: ***, **, and * indicate signi�cance at the 1%, 5%, and 10% levels,
respectively.
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Fig. 8: Counterfactual analysis: the effect of US-China trade war on currency premia

(a) Base case (b) After change

Note: In this �gure, Panel (a) plots the global trade imbalance network based on 2017 pairwise bilateral imports and exports, Panel (b) plots the same network with pairs CNY
and USD replaced by the data in 2019. The upper parts of the panels are network graphs in which the arrows in edges point toward the debtors (de�cit parties), the length of
edges is inversely proportional to the size of the relative de�cit, and the size of nodes is proportional to their CBC. The middle and lower parts in Panel (a) show respectively the
percentage ranks of all currencies' CBCs in ascending order and rank-preserved transformed CBCs matching the cross-sectional mean and standard deviation of currency risk
premia in 2017 for the base case; while the middle part in Panel (b) shows the same order with currencies, whose ranks have changed, highlighted: currencies becoming lower
(higher) in the ranks are highlighted in red (blue) bars and the size of changes is indicated on the top of the bars; the lower part in Panel (b) shows the rank-preserved transformed
CBCs after the change.
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Fig. 9: Counterfactual analysis: the effect of collective sanctions on Russia on currency premia

(a) Base case (b) After change

Note: In this �gure, Panel (a) plots the global trade imbalance network based on 2021 pairwise bilateral imports and exports, Panel (b) plots the same network with the values of
elements in the adjacency matrix related to RUB and a group of currencies shrink by 90%. The group of currencies are USD, EUR, GBP, AUD, JPY, CAD, CHF, NOK, PLN, KRW,
and NZD, with reference to Funakoshi, Lawson, and Deka (2022). The upper parts of the panels are network graphs in which the arrows in edges point toward the debtors (de�cit
parties), the length of edges is inversely proportional to the size of the relative de�cit, and the size of nodes is proportional to their CBC. The middle and lower parts in Panel
(a) show respectively the percentage ranks of all currencies' CBCs in ascending order and rank-preserved transformed CBCs matching the cross-sectional mean and standard
deviation of currency risk premia in 2021 for the base case; while the middle part in Panel (b) shows the same order with currencies, whose ranks have changed, highlighted:
currencies becoming lower (higher) in the ranks are highlighted in red (blue) bars and the size of changes is indicated on the top of the bars; the lower part in Panel (b) shows the
rank-preserved transformed CBCs after the change.
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Table 1: A three-currency example with �nanciers' long and short positions and their divertable funds

Long Short Net imbalance q DB and FB adjusted divertable funds Risk sharing adjustment

Financier A
DB: B2A FB: B2A

B2A + C2A

2

6
4GAA (B2A + C2A)

| {z }
long positions

� (GABB2A + GACC2A)
| {z }

short positions

3

7
5 (B2A + C2A)

| {z }
qA

� B2C(GAB � GAC)(B2A + C2A)
DB: C2A FB: C2A

Financier B
FB: B2A DB: B2A

-B2A - B2C

2

6
4 (GBAB2A + GBCB2C)

| {z }
long positions

� GBB(B2A + B2C)
| {z }

short positions

3

7
5 (� B2A � B2C)

| {z }
qB

� C2A(GBA � GBC)(B2A + B2C)
FB: B2C DB: B2C

Financier C
DB: B2C FB: B2C

B2C - C2A

2

6
4 (GCCB2C+ GCAC2A)

| {z }
long positions

� (GCBB2C+ GCCC2A)
| {z }

short positions

3

7
5 (B2C � C2A)

| {z }
qC

� B2A(GCB � GCA)(B2C � C2A)
FB: C2A DB: C2A

Notes: This table summarizes the balance sheet information of the �nanciers in a simple three-currency network example. The �rst and second columns show the long and short
positions, respectively. DB denotes Domestic Bonds and FB denotes Foreign Bonds. The third column shows the net imbalance, i.e. the elements inq. The fourth and �fth columns
show the two components in the divertable funds: DB and FB adjusted divertable component and risk-sharing component, respectively. The imbalance network is shown in the
directed graph below in which the arrow of the edge in each pair points toward the de�cit country in that pair:

B2A C2A

B2C

B

A

C

The trade de�cit adjacent matrix is:

2

6
6
6
4

A B C

A 0, 0, 0

B B2A, 0, B2C

C C2A, 0, 0

3

7
7
7
5

.
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Table 2: Portfolio sorting performance comparison

Sorting Var. G1 G2 G3 G4
G4 - G1

Return Sharpe FD SR SR
Return

CBC (updated) -0.06 0.13 0.20 3.14 3.21�� 0.54 2.54 0.67 0.21

CBC (static) -0.33 -0.05 0.50 3.25 3.58��� 0.65 2.73 0.85 0.24

P
an

el
A

TTNC 0.74 -0.54 1.30 1.78 1.04 0.23 3.04� 2.00 � 1.92

TImb 0.37 0.37 1.71 0.76 0.40 0.08 2.05� 1.65 � 4.18

FD -0.12 0.49 1.41 1.49 1.61 0.21 7.01� 5.40 � 3.36

GImb -1.00 0.96 1.72 1.01 2.01� 0.45 1.41 0.60 0.30

V-weighted TImb 0.21 -0.17 1.69 1.44 1.23 0.13 1.15 0.08 0.06

DOL - - - - 0.83 0.13 1.39 � 0.56 � 0.67

P
an

el
B

CPIS -0.74 -0.33 -1.68 -0.79 � 0.06 � 0.01 1.66 � 1.72 30.21

CPISTH -0.56 -0.40 -1.80 -0.77 � 0.21 � 0.02 1.64 � 1.85 8.80

CPISFR -0.62 -0.38 -1.80 -0.73 � 0.12 � 0.01 1.71 � 1.82 15.75

FDI -0.41 -0.50 -2.05 -0.53 � 0.12 � 0.01 1.96 � 2.08 17.65

RMADJ 0.19 -0.15 1.34 1.83 1.63 0.18 1.33 0.30 0.18

Note:This table compares the performance of CBC-sorted portfolio with that of various characteristic-sorted port-
folios. Panel A includes: total trade network centrality ( TTNC), trade imbalance (TImb), forward discount ( FD),
and global imbalance (GImb), variance-covariance weighted trade imbalance (V-weighted TImb), as well as the
average currency excess return (DOL). TTNC is proposed by Richmond (2019), TImb is inspired by Gabaix and
Maggiori (2015), FD is the carry trade characteristic from Lustig, Roussanov, and Verdelhan (2011), GImbis used by
Della Corte, Riddiough, and Sarno (2016), and V-weighted TImb is inspired by Gabaix and Maggiori (2015, OA).
The DOL is the currency “market” return in dollars available to a U.S. investor (Lustig, Roussanov, and Verdelhan
2011). Panel B includes alternative CBCs calibrated on other networks:CPIS, CPISTH , CPISFR, FDI , and RMADJ.
CPIS is the network based on the original �nancial linkages without any restatements reported in Coordinated
Portfolio Investment Survey (CPIS). CPISTH denotes the network based on the CPIS �nancial linkages but real-
locates only securities that, under residency, are issued by af�liates located in tax havens. CPISFR refers to the
network based on the CPIS �nancial linkages and reallocates all securities that, under residency, are issued by
af�liates from all countries. Detailed restatement procedures can be found in Coppola et al. (2021). FDI is based
on bilateral foreign direct investment stocks of all sample countries. RMADJ refers to the network from Richmond
(2019), which is based on the adjacency matrix of total trade. For the characteristics in Panel A and RMADJ, the sam-
ple period is from 2003 to 2021, which is the out-of-sample period for a and w calibration. For the alternative CBCs
based onCPIS, CPISTH , CPISFR, and FDI, the sample period is from 2008 to 2021 due to the data availability. Two
sets of results, “updated” and “static”, are reported for CBCwhere CBC(updated) is calculated based on annually
updated a and w while CBC(static) is based on statica and w calibrated from the initial sample before 2003. The
sorted portfolios are rebalanced yearly. All returns and Sharpe ratios are annualized. All returns are in percentage.
All characteristics except the alternative CBCs based onCPIS, CPISTH , CPISFR, and FDI are constructed based on
information from the previous calendar year-end. For the alternative CBCs based on CPIS, CPISTH , CPISFR, and
FDI, a and w are calibrated in sample using their available sample period from 2008 to 2021. Currencies are sorted
in ascending order into quartiles (G1 to G4) for all characteristics except TTNC and GImb. Currencies are sorted
in the descending order of TTNC. For GImb the G1 to G4 are formed from a 2 � 2 conditional double sorting by
n f a and ldc following Della Corte, Riddiough, and Sarno (2016). The last �ve columns, respectively, report Return
(average return), Sharpe, FD (forward discount), SR (spot return), and SR

Return of the factors from longing G4 and
shorting G1. ***, **, and * indicate the statistical signi�cance level of 1%, 5%, and 10%, respectively. The signi�cance
level for the average return is calculated from t-test.
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Table 3: Time-series variation of CBCfactor in relation to various factors

(a) How well various factors explain the CBCfactor

CBC is on LHS Alpha (%) T-Alpha Beta T-Beta R2

TTNC 2.78�� 2.43 0.41��� 3.51 10.00%

TImb 3.18��� 2.73 0.06 0.50 0.24%

FD 2.75�� 2.24 0.29�� 2.23 13.44%

GImb 3.35��� 3.00 � 0.07 � 0.40 0.29%

V-weighted TImb 3.48��� 3.07 � 0.22�� � 2.38 12.02%

DOL 2.84�� 2.42 0.44��� 3.33 23.98%

AEM 3.91��� 2.82 0.23 1.45 4.14%

HKM 3.04 �� 2.56 0.11 0.91 0.54%

(b) How well the CBCfactor explains various factors

CBC is on RHS Alpha (%) T-Alpha Beta T-Beta R2

TTNC 0.26 0.26 0.25��� 3.80 10.00%

TImb 0.27 0.25 0.04 0.49 0.24%

FD 0.10 0.07 0.47��� 3.65 13.44%

GImb 2.13�� 1.97 � 0.04 � 0.39 0.29%

V-weighted TImb 2.97 1.56 � 0.55��� � 3.05 12.02%

DOL � 0.90 � 0.68 0.54��� 5.63 23.98%

AEM � 1.52 � 1.02 0.18 1.53 4.14%

HKM 1.39 1.43 0.05 0.98 0.54%

Notes: Panel (a) in this table presents the Alpha and Beta coef�cients from regressing the CBC factor (de�ned as
the G4 - G1 portfolio returns) on various factors. Panel (b) presents the Alpha and Beta coef�cients from regressing
various factors on the CBCfactor. The column labeled `T-Alpha' (`T-Beta') reports the t-statistics of Alpha (Beta) es-
timates based on Newey-West standard errors. Alpha estimates are in annualized percentage. ***, **, and * indicate
1%, 5%, and 10% signi�cance levels, respectively. The sample period is 2003-2021.
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Table 4: Results from cross-sectional asset pricing tests

Panel A: Fama-MacBeth regression step one

bDoL bCBC R2

CBC 1 0.879*** -0.417*** 0.945

Std err 0.014 0.022

CBC2 1.031*** -0.135*** 0.881

Std err 0.026 0.045

CBC3 1.184*** -0.028 0.932

Std err 0.023 0.027

CBC4 0.879*** 0.583*** 0.972

Std err 0.014 0.022

p-value

GRS4 0.712

GRS24 0.167

āabs,4 0.035

āabs,24 0.041

Panel B: Fama-MacBeth regression step two

l DOL 0.056 R2 0.753

Std err 0.007 c2
n� k

l CBC 0.344 p-value 0.999

Std err 0.041

Panel C: Fama-MacBeth regression step two with l CBC �xed

l DOL 0.055 R2 0.454

Std err 0.006 c2
n� k

l CBC 0.298 p-value 0.999

Note: In this table, we report the results from the Fama-Macbeth cross-sectional regression. The test assets include
four portfolios sorted on CBC(static), and the �ve other benchmark characteristics: Total trade network centrality
(TTNC), proposed by Richmond (2019); trade imbalance (TImb), de�ned as total net import (equivalent to setting
Gequal to I ); forward discount ( FD), a common carry trade characteristic in the literature, e.g., Lustig, Roussanov,
and Verdelhan (2011); global imbalances (GImb), studied by Della Corte, Riddiough, and Sarno (2016); and variance-
covariance weighted trade imbalance (V-weighted TImb), denoted asVq (equivalent to setting Gequal to V). DOL
represents the currency excess return on a portfolio strategy that longs all foreign currencies with equal weights and
shorts the domestic currency (USD). Panel A reports the results from the �rst step of the Fama-MacBeth regression,
conducted using the 24 test assets of the six characteristics. 'Std err' denotes the standard error. GRS4 and GRS24
are tests for the four CBC and the 24 test assets, respectively, as described by Gibbons, Ross, and Shanken (1989)
testing whether the intercepts of the regression are jointly different from zero. The p-values are reported. āabs,4 and
āabs,24 represent the averages of the absolute values of the alphas obtained from regressions of the four and 24 test
assets, respectively. Panel B reports the results from the second step of the Fama-MacBeth regression using both
the 24 test assets and the six factors.c2

n� k tests if the intercepts are jointly zero. The p-values are reported. Panel C
repeats the same regression as Panel B, but with the CBC risk premium �xed at 0.298, the sample mean return of
the CBCfactor. All regressions are based on the monthly log returns. ***, **, and * indicate the statistical signi�cance
level of 1%, 5%, and 10%, respectively.
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Table 5: Panel regression results for three components

Pair-wise currency premia difference

Total Imb. 0.142��� 0.064��

(4.62) (2.18)

Indiv. 0.075��� 0.074���

(3.57) (3.73)

Neighb. 0.339��� 0.326���

(18.06) (16.33)

Observations 7,211 7,211 7,211 7,211

Adjusted R2 (%) 2.42 2.16 8.13 8.39

Fixed Effects pair & year pair & year pair & year pair & year

Note:This table presents the standardized beta coef�cients from panel regressions of the pair-wise currency premia
differences on total imbalance (Total Imb.), individual importance (Indiv.) and neighborhood importance (Neighb.),
univariate (columns 2 to 4) and multivariate (column 5). The regressions use 7,211 pair-year data. t-statistics based
on robust standard errors are reported in parentheses. Number of observations and adjusted R 2's are reported at
the bottom. Both pair-speci�c and year �xed effects are controlled. The sample period is 2003-2021.
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Table 6: Variance decomposition of model-implied currency premia

(a) Mean and variance ratio

Drpi ,j Total Imb. Indiv. Neighb.

Mean -0.014 -0.007 0.005 -0.013

(0.116) (0.039) (0.026) (0.096)

VR - 0.114 0.049 0.684

(0.055) (0.037) (0.131)

(b) Correlation matrix

Drpi ,j Total Imb. Indiv.

Total Imb. 0.568

(0.159)

Indiv. 0.073 -0.424

(0.261) (0.305)

Neighb. 0.958 0.392 -0.007

(0.032) (0.159) (0.244)

Note: Panel (a) presents the sample mean (Mean) ofDrpi ,j , total imbalance (Total Imb.), individual importance
(Indiv.) and neighborhood importance (Neighb.), and the variance ratio (VR) of Total Imb., Indiv. and Neighb.
VR is de�ned as ratio of sample variance of one of the three components to that of Drpi ,j . Panel (b) presents the
correlation coef�cient matrix of Drpi ,j , Total Imb., Indiv. and Neighb. Standard errors are shown in parentheses.
The standard error of Mean is the sample standard deviation. Other standard errors are the time-series standard
deviation of yearly estimates. The sample period is 2003-2021.
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Table 7: Link between imbalance network and risk bearing capacity

Returns TED VIX VXY-G7 VXY-EM FCPO GBAS

CBC strategy -0.214*** -0.345*** -0.356*** -0.338*** 0.097 -0.138**

t-statistic -3.297 -5.530 -5.020 -4.735 1.459 -2.102

p-value 0.001 0.000 0.000 0.000 0.146 0.037

Group 1 -0.061 -0.280*** -0.341*** -0.503*** 0.243*** -0.170***

t-statistic -0.922 -4.388 -4.787 -7.680 3.770 -2.597

p-value 0.357 0.000 0.000 0.000 0.000 0.010

Group 2 -0.150** -0.372*** -0.454*** -0.562*** 0.279*** -0.277***

t-statistic -2.274 -6.031 -6.713 -8.952 4.369 -4.338

p-value 0.024 0.000 0.000 0.000 0.000 0.000

Group 3 -0.150** -0.404*** -0.472*** -0.615*** 0.298*** -0.212***

t-statistic -2.275 -6.645 -7.069 -10.275 4.695 -3.254

p-value 0.024 0.000 0.000 0.000 0.000 0.001

Group 4 -0.196*** -0.445*** -0.502*** -0.6081*** 0.242*** -0.220***

t-statistic -3.007 -7.471 -7.658 -10.103 3.744 -3.384

p-value 0.003 0.000 0.000 0.000 0.000 0.001

Note:This table shows correlations between the excess returns from portfolios sorted on CBC and various proxies
for risk-bearing capacity, including the TED spread (TED, de�ned as the interest rate difference between three-
month interbank deposit rate and three-month Treasury bill); implied volatility indices for the equity market (VIX)
and foreign exchange markets (VXY-G7 for G7 countries and VXY-EM for emerging markets); �nancial commercial
paper outstanding (FCPO); and the global bid-ask spread (GBAS, the global foreign exchange illiquidity measure
proposed by Menkhoff et al. (2012a)). The table presents the correlations between the excess returns of the CBC
strategy (G4 minus G1) and the four groups of portfolios (G1 to G4) sorted in ascending order of CBC, with the
proxies for risk bearing capacity. All returns are annualized. All risk bearing capacity proxies are in the form of log
differences, except for GBAS, which is in �rst differences. ***, **, and * indicate statistical signi�cance levels of 1%,
5%, and 10%, respectively. The sample period is 2003-2021.
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Internet Appendices to

“The Trade Imbalance Network and

Currency Returns”

(not for publication)

A Financiers' optimization with credit constraints

We �rst show that eq. (10) is the solution to the constrained optimization problem in

(8) that �nanciers need to solve in the case of x0 and G0 being exogenous to q. In the

next appendix, using a recursive optimization, we also show that eq. (10) holds even

if x0 and G0 are endogenously linked to q. Since we only consider eqs. (5) and (10), we

set xt and E( x̄1) as exogenous.

The �nanciers optimally set q? = D � 1
0 q? to maximize their expected return while

subject to a quadratic outside option constraint:

max
q?

E ( x̄1 � x0) | q?, s.t. E ( x̄1 � x0) | q? � (q?) | (G0D 0)q?. (A1)

We set up the Lagrangian:

L = E ( x̄1 � x0) | q? + l [E ( x̄1 � x0) | q? � (q?) | (G0D 0)q?] . (A2)

Denote the equilibrium demand of �nanciers by q. Without loss of generality, we as-

sume qi 6= 0 for all i and å n
j= 1

1
qi

f G0gi j f D 0gj qj � 0 (see Gabaix and Maggiori 2015,

IA). Then, (q?) | (G0D 0)q? can be written as (q?) | Sq?, where Sis a diagonal and positive

semi-de�nite matrix with f Sgii = å n
j= 1

1
qi

f G0gi j f D 0gj qj . The FOC w.r.t. q? implies:

E ( x̄1 � x0) =
2l

1 + l
Sq , q| E ( x̄1 � x0) =

2l
1 + l

q| q| Sq. (A3)
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Since the right-hand side of the constraint in eq. (A1) is convex in q?, the constraint

always binds. From eq. (A3), this means l = 1. We have E ( x̄1 � x0) = Sq. It can be

easily shown that f Sqgi = f G0D 0qgi . Therefore, E ( x̄1 � x0) = G0q, which is eq. (10).

B Recursive equilibrium

In Internet Appendix A, we show that eq. (10) is the solution to the problem in the case

of x0 and Gbeing exogenous to q. In this appendix, using a recursive optimization, we

further show that eq. (10) holds even if x0 and Gare endogenously linked to q.46 For

technical regularity, we assume the recursive optimization converges, which amounts

to the existence of the solution to a �xed point problem. Since we only consider eqs. (5)

and (10), we setxt and E( x̄1) as exogenous.

We relax the assumption that x0 and Gare exogenous to q and allow them to be

endogenously linked to q. Indeed, from the market clearing condition eq. (2), we know

x0 is related to q and x0 (assuming x0 is exogenous). Also,Gchanges with x0 via A 0, as

we assumeGis a function of A .

Starting with some initial x̃0 and G̃0, the �nanciers follow the steps in Internet Ap-

pendix A and obtain an optimal q̃1 satisfying

E ( x̄1 � x̃0) = G̃0q̃1. (A4)

While the �nanciers are adjusting to q̃1, the market clearing condition eq. (2) results

in new x̃(q̃1) and G̃(q̃1), which will induce the �nanciers to obtain a new optimal q̃2.

Continuing this process imposes a recursive formula for q̃k with k � 1:

q̃k+ 1G̃(q̃k) = [E( x̄1) � x̃(q̃k)] . (A5)

46. Similar to Gabaix and Maggiori (2015, OA), V is assumed to be independent of E ( x̄1), x0, and A0, Gis linked
to q only through W.
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We assume thatq̃k converges toq ask increases, i.e., limk! ¥ q̃k = q. This assumption is

equivalent to assuming there exists a solution of qto the following �xed point problem:

qG̃(q) = [E( x̄1) � x̃(q)] . (A6)

With this assumption, when the above recursive process converges, period 0's equilib-

rium is reached, in which we have x0 = x̃(q), G= G̃(q), and

E ( x̄1 � x0) = Gq.

Next, we present an algorithm that solves this recursive equilibrium alongside a

three-country numerical example. For simplicity, we setting w = 1, i.e.,G= W, in this

example. This assumption is without loss of generality as Gis linked to q only through

W (see footnote 46). We partition q, G, xt , and xt as

q =

2

6
4 q1|{z}

1� 1

,
|
qp

|{z}
1� (n� 1)

3

7
5

|

; G=

2

6
6
6
6
6
6
6
4

g
|{z}
1� 1

Grow1| {z }
1� (n� 1)

Gcol1| {z }
(n� 1)� 1

Gp
|{z}

(n� 1)� (n� 1)

3

7
7
7
7
7
7
7
5

;

xt =

2

6
41,

|
xt,p
|{z}

1� (n� 1)

3

7
5

|

; xt =

2

6
6
6
6
6
6
6
6
4

xt,1|{z}
1� 1

xt,row1| {z }
1� (n� 1)

xt,col1| {z }
(n� 1)� 1

xt,p
|{z}

(n� 1)� (n� 1)

3

7
7
7
7
7
7
7
7
5

.

Since` | q = 0, we have q1 = � ` | qp. By construction, country 1 is the US and f x̄1g1 =

f x0g1 = 1. Therefore, we setg = 0 and Grow1 = 0.

Given x̃0 and G̃, the optimal q̃p is given by:

q̃p( x̃0,p, G̃) =
�
G̃p � G̃col1` | � � 1 �

E
�
x1,p

�
� x̃0,p

�
. (A7)
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Given a q̃, by eq. (2) we have:

x̃p(q̃p, x0) =
�
`x0,row1 + x0,p

� � 1 �
(I � `` | )q̃p � (`x0,1 + x0,col1)

�
. (A8)

The recursive equilibrium can be solved using Algorithm 1.

Setting G =
�
I � aA |

0

� � 1 and obtaining A 0 from x0 and x0 via eq. (3), we show

a three-country numerical example in Figure A1. In this example, the convergence

happens quickly (within six iterations) and is robust to different initial values. This

numerical example shows that the existence of the solution to the �xed point problem

of eq. (A6) is a mild assumption.

[Insert Figure A1 about here]

Algorithm 1 An algorithm for solving the recursive equilibrium

x0  x̃0
G G̃0
qp  q̃p(x0,p, G)

while
�
�
�qp � q�

p

�
�
� > #do

q�
p  qp

x0,p  x̃p(q�
p, x0)

G G̃(x0, x0)
qp  q̃p(x0,p, G)

end while

C A numerical example for comparing q and rp

In this appendix, we present a detailed numerical example to illustrate that q and rp

can be ranked differently. For simplicity, as before we setting w = 1, i.e.,G= W, in this

example. The network complexity increases exponentially with the number of nodes.

To strike a balance between visibility and comprehensiveness, we present a simulated

four-country network as an illustrative example in which the ranks in q and rp differ.
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The adjacency matrix A 0 is given by:

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

C1 C2 C3 C4

C1 0, 0, 0.23, 0.59

C2 0.24, 0, 0.59, 0

C3 0, 0, 0, 0.18

C4 0, 0.21, 0, 0

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

.

Therefore, q is given by:

q =
�
A |

0 � A 0
�

` = [ � 0.58,� 0.62, 0.64, 0.56]| ;

and with a = 0.6,Gcan be calculated as:

G=
�
I � aA |

0

� � 1 =

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

C1 C2 C3 C4

C1 1, 0.14, 0.00, 0.02

C2 0.05, 1, 0.01, 0.13

C3 0.15, 0.38, 1, 0.05

C4 0.37, 0.09, 0.11, 1

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

;

and rp is:

rp = Gq = [ � 0.66,� 0.58, 0.34, 0.36]| .

Clearly, rp and q rank differently in this example. Let us examine how the network

structure affects the ranks. The network is visualized in Figure A2. Countries 3 and 4
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are net de�cit countries while Countries 1 and 2 are net surplus countries. Country 3

is a direct debtor to Countries 1 and 2, and Country 4 is a direct debtor to Countries

1 and 3. Since Countries 3 and 4 are in net de�cit, we focus on analyzing q3 and q4 vs

rp3 and rp4.

[Insert Figure A2 about here]

For Country 3, in addition to q3, rp3 aggregatesq1, q2, and q4 via creditor chains

with these countries. Speci�cally, we have:

rp3 = q3 + G3,1q1 + G3,2q2 + G3,4q4 (A9)

= q3 +
�

a
�

A |
0

	
3,1 +

n �
aA |

0

� 3
o

3,1

�
q1 +

�
a

�
A |

0

	
3,2 +

n �
aA |

0

� 2
o

3,2

�
q2

+
� n �

aA |
0

� 2
o

3,4
+

n �
aA |

0

� 3
o

3,4

�
q4.

For Country 4,

rp4 = q4 + G4,1q1 + G4,2q2 + G4,3q3 (A10)

= q4 +
�

a
�

A |
0

	
4,1 +

n �
aA |

0

� 2
o

4,1

�
q1 +

� n �
aA |

0

� 2
o

4,2
+

n �
aA |

0

� 3
o

4,2

�
q2

+ a
�

A |
0

	
4,3q3.

[Insert Figure A3 about here]

The numerical values of components in eqs. (A9) and (A10) alongside their creditor

chains are presented in Figures A3a and A3b, respectively. We can see that both Coun-

tries 3 and 4 are net debtors to the two net surplus countries (1 and 2). As shown in the

�rst and second rows in Figures A3a and A3b, these creditor chains reduce both coun-

tries' outside options to similar extents. The key component making a difference in the

rank is their creditor chains with each other: Country 4 is a direct debtor to Country

3, while Country 3 is only an indirect (two and three steps away) debtor to Country 4.

Although q4 < q3, Country 4's direct debtor relation with Country 3 boosts its outside
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options more than that of Country 3, which has only indirect debtor relations with

Country 4, i.e., rp4 > rp3.

D Individual �nanciers' optimization and credit constraints

We assume there is one �nancier in charge of each country. The collective optimiza-

tion described in Section 2.2 is attained through the implementation of individually

optimal strategies by the �nancier in each country.

To see this, we spell out the Karush–Kuhn–Tucker conditions (Boyd and Vanden-

berghe 2004) of the constrained optimization eq. (8):

E
�

x̄( i ,1) � x( i ,0)

�
+ l

h
E

�
x̄( i ,1) � x( i ,0)

�
� 2qiSii

i
= 0 for i = 1, � � � , n. (A11)

This means that for the �nancier in country i, her individual objective is:

max
q?

i

E
�

x̄( i ,1) � x( i ,0)

�
q?

i , s.t. E
�

x̄( i ,1) � x( i ,0)

�
q?

i � Sii (q?
i )2. (A12)

Rewriting eq. (A12) in terms of q?
i and Ggives:

max
q?

i

E

 
x̄( i ,1)

x( i ,0)
� 1

!

q?
i , s.t. E

 
x̄( i ,1)

x( i ,0)
� 1

!

q?
i �

n

å
j= 1

1
qi

Gi j qj
(q?

i )2

x( i ,0)
. (A13)

Setting G = I � Gyields å n
j= 1

1
qi

Gi j qj = G, which is exactly the optimization problem

of the �nancier in Gabaix and Maggiori (2015, eq. 9). 47 In equilibrium, qi = q?
i and the

ith �nancier's divertable funds (DF i) in dollar value is:

DFi =
1

x( i ,0)

2

6
6
6
6
6
4

f Ggii q2
i| {z }

primary risk

+ å
j6= i

Gi j qjqi

| {z }
risk adjustment

3

7
7
7
7
7
5

. (A14)

47. Note that in Gabaix and Maggiori (2015)'s basic Gamma model the dollar value of the yen position is � q.
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E A non-linear one-factor interpretation of our model

Our theoretical framework can be summarized in the following system of three equa-

tions:48

x0x0 = q, (A15)

x1x1 = � q, (A16)

E (x1 � x0) = Gq. (A17)

The adjacency matrix versions of the above eqs. (A15) and (A16) are eqs. (5) and (7).

Since the �rst element in xt is one, our goal is to solve for xt,p for t = 0, 1 (see the no-

tation in Internet Appendix B). For convenience, we introduce the following notation:

qt := xt,col1 and Ga :=
�
Gp � Gcol1` | �

. With these de�nitions, we can re�ne eqs. (A15)

to (A17) as:

x0,px0,p + q0 = qp, (A18)

x1,px1,p + q1 = � qp, (A19)

E
�
x1,p � x0,p

�
= Gaqp. (A20)

The above system mirrors that of Lemma A.3 in Gabaix and Maggiori (2015, OA).

For tractability, we follow Gabaix and Maggiori (2015, OA) and assume that x1,p is

deterministic, with the uncertainty in period 1 arising from the random variable q1,

for which we will shortly impose a factor structure. Thus, we rewrite q1 = E (q1) +

qrsd, where the expectation E (q1) is known in period 0, and qrsd is the innovation

term, realized in period 1, with a zero mean given the information in period 0. Taken

together, xt,p can be solved as closed-form functions of the exogenous inputs xt,p, qt ,

48. For simplicity and without loss of generality, we assume zero interest rates here. Therefore, eq. (A17) is slightly
different from eq. (10).
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and Ga:49

x0,p = �
�
x0,p + x1,p + x1,pGax0,p

� � 1 �
E (q1) +

�
x1,pGa + I

�
q0

�
, (A21)

x1,p = �
�
x0,p + x1,p + x0,pGax1,p

� � 1 ��
x0,pGa + I

�
E (q1) + q0

�
� x� 1

1,pqrsd. (A22)

The proof of the above results can be found in Internet Appendix F. These results are

also consistent with Proposition A.3 of Gabaix and Maggiori (2015, OA).

With eqs. (A21) and (A22) established, we impose a one-factor structure on the

intertemporal dynamics of xt , thereby introducing uncertainty into q1. Speci�cally, for

i 6= j, we assume:

f x1gi ,j � f x0gi ,j =

8
><

>:

� bi f̄ , if j > 1

� bi f , if j = 1
, (A23)

where f is a random variable with mean f̄ > 0 and variance s2
f . For any i 6= j,

f x1gi ,j < 0 represents the value of exports from country i to country j in the currency

of country j. The more negative f x1gi ,j is, the greater the exports (see the de�nition of

xt in Section 2.1). Given (A23), we also have:

E (q1) = q0 + b f̄ , (A24)

qrsd = s f b#, (A25)

where b is n � 1 with the ith element equal to bi , and #is a random variable with mean

zero and variance unity.

Intuitively, the factor speci�cation in (A23) implies from period 0 to period 1 a

generic shock to all countries' exports. A country with a positive (negative) exposure

bi to this shock will increase (decrease) its exports to all its partner countries by an

amount
�
� bi f̄

�
� . This change in exports is certain for all countries except the US (country

49. When Gis speci�ed as the Leontief inverse of A0, a recursive algorithm, similar to Algorithm 1 but extended
to include E (x1), can be applied to simultaneously solve for x0, x1, and G. The details of this algorithm are available
from the authors upon request.
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1), where the expected change is known, but the actual amount is uncertain, captured

by s2
f . This speci�cation aligns with the assumption that x1,p is deterministic and that

the variable q1 is the sole source of uncertainty in period 1.

Given (A23), the intertemporal dynamics of xt can be written in matrix form as:

x1 � x0 � (b` | ) �
�

[`` | � I ] f̄ + [ ` , O]( f � f̄ )
	

, (A26)

where � is the Hadamard product (element-wise product) operator, [` , O] is an n � n

matrix with ones in the �rst column and zeros elsewhere. Note that (A26) holds only

approximately, as the diagonal terms in x1 do not follow the intertemporal rule in

(A23); they are adjusted to satisfy f x1gjj = � å i6= j f x1gi j by de�nition (see Section 2.1).

By applying the factor structure from eq. (A23) to eqs. (A21) and (A22), we effec-

tively construct a nonlinear one-factor model for currency returns. Unsurprisingly, the

cross-section of currency returns x1 � x0 cannot be expressed as an analytical function

of b. Hence, we conduct a simulation analysis to explore the relationship between the

model's expected returns, CBC, and b. Speci�cally, we �x n = 30 (including country

1), setb1 = 0, and assignbi values for i � 2 evenly spaced between -1 and 1. We also

set f̄ = 0.08 and s f = 0.8. In each simulation, for i 6= j, the values of � f x0gi ,j are

drawn from a Gamma distribution with the shape parameter = 1.138 and rate parame-

ter = 1.112,50 and f is drawn from a normal distribution with mean f̄ and variance s2
f .

The values of f x1gi ,j are then calculated using eq. (A23), based onf x0gi ,j and f . Given

these exogenous inputs, we compute x0,p, x1,p, and Ga (with a = 0.68 andw = 1) using

eqs. (A21) and (A22), from which the CBC can also be derived.

[Insert Figure A4 about here]

The results of 1,000 simulations are shown in Figure A4, which shows that curren-

cies of countries with positive (negative) bi experience positive (negative) returns in

equilibrium, as seen in the top panel. Moreover, the CBC characteristic is positively

50. These parameters are calibrated using MLE from the empirical distribution of the actual bilateral trade data
in 10 billions of importing countries' currencies. We use the distribution from 25 to 75 percentiles in the calibration
to avoid over-�tting to outliers. The simulation results are robust to the distribution assumption. In unreported
results, we �nd that drawing f x0gi ,j from a uniform distribution over the interval [-5, 0] produces the same obser-
vations in Figure A4.

x



correlated with bi , as illustrated in the middle panel of Figure A4. The bottom panel

further shows a positive correlation between CBC and currency returns within this

simple nonlinear one-factor framework. These simulation results suggest that CBC, as

a characteristic, identi�es a risk premium tied to a global factor, thereby justifying the

cross-sectional asset pricing tests conducted in the main text.

However, we caution that, while this justi�es conducting cross-sectional asset pric-

ing tests, any further interpretations of this simple factor model should be taken with

caution. In particular, this analysis should not be viewed as identifying the speci�c

source of the risk premium uncovered by CBC, such as a macro-�nance factor. This

exercise assumes the generic source of uncertainty is exogenous. The factor we specify

affects each country's exports to all its partner countries in terms of their currencies,

suggesting that the premium could re�ect compensation for shocks to both the pro-

duction and �nancial dimensions of the global economy. A deeper and more precise

economic interpretation of this premium is beyond the scope of this paper and not our

intended focus. Our key message derives primarily from eq. (A17) and its implications

for the cross-section of currency returns.

F Proof of the model solution in Internet Appendix E

We start by taking the expectation of eq. (A19):

x1,pE
�
x1,p

�
+ E (q1) = � qp. (A27)

Combining the above with eq. (A20), we can solve for qp:

x1,p
�
x0,p + Gaqp

�
+ E (q1) = � qp, (A28)

) qp = �
�
Gaqp + I

� � 1 �
E (q1) + x1,px0,p

�
. (A29)
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Then x0,p can be solved from eq. (A18) given qp:

x0,px0,p + q0 = �
�
Gaqp + I

� � 1 �
E (q1) + x1,px0,p

�
(A30)

) x0,p = �
�
x0,p + x1,p + x1,pGax0,p

� � 1 �
E (q1) +

�
x1,pGa + I

�
q0

�
. (A31)

This proves eq. (A21).

Given x0,p, qp, and q1 = E (q1) + qrsd, from eq. (A19) we have x1,p as:

x1,px1,p + E (q1) + qrsd =
�
Gaqp + I

� � 1 �
E (q1) + x1,px0,p

�
(A32)

) x1,p = x� 1
1,pE (q1) + x� 1

1,p

�
x1,pGa + I

� � 1 E (q1)

� S
�
E (q1) +

�
x1,pGa + I

�
q0

�
� x� 1

1,pqrsd, (A33)

where S = x� 1
1,p

�
x1,pGa + I

� � 1 x1,p
��

x1,pGa + I
�

x0,p + x1,p
� � 1. S can be simpli�ed as

S =
�
x0,p + x1,p + x0,pGax1,p

� � 1 �
x1,pGa + I

� � 1 .

Therefore, we have:

x1,p = x� 1
1,pE (q1) + x� 1

1,p

�
x1,pGa + I

� � 1 E (q1)

�
�
x0,p + x1,p + x0,pGax1,p

� � 1 �
x1,pGa + I

� � 1 E (q1)

�
�
x0,p + x1,p + x0,pGax1,p

� � 1 q0 � x� 1
1,pqrsd (A34)

= �
�
x0,p + x1,p + x0,pGax1,p

� � 1 ��
x0,pGa + I

�
E (q1) + q0

�
� x� 1

1,pqrsd. (A35)

This proves eq. (A22).

G CBC v.s. Total Trade Centrality

Our trade imbalance network CBC differs distinctly from the total trade network cen-

trality used by Richmond (2019), referred to as `'Richmond centrality” in this section.

However, the precise relation between these two measures is not immediately clear.

In this section, we simulate trade data, compute both the trade imbalance network
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and the total trade network based on the same simulated data, and investigate the

connection between CBC and Richmond centrality in a strictly controlled setting.

We begin by assuming the Richmond theory holds, in a world with n = 30 coun-

tries. Recall that in this model, currency returns are negatively correlated with Rich-

mond centrality, i.e. the currencies of more central countries have lower risk premia.

To compute Richmond centrality, we require an input-output matrix, which is denoted

as the X matrix in Richmond (2019), where Xii = 0 and Xi j (for i 6= j) represents the

USD value of imports of country i from country j, i.e., Xi j = � f x0gji f x0gi . We sim-

ulate Xi j using a Gamma distribution with the shape parameter = 1.834 and the rate

parameter = 0.789, which are calibrated from actual trade data using the procedure

outlined in Footnote 50. Since Richmond centrality is scaled by GDP, we assume each

country's GDP is 20 times its total exports, 51 i.e., GDPj = 20å i6= j Xi j , or in vector form,

GDP = X| ` . The vector of the shares of output, s, is then computed as s = X| `
` | X` . With

this, Richmond centrality can be calculated as:

RM = (X| + X) � (GDP` | + `GDP| ) s, (A36)

where � denotes the Hadamard division (element-wise division). By Proposition 2 in

Richmond (2019), the log currency risk premium for going long in currency j using

USD is

E
�
rx j

�
= C

�
RM1 � RM j

�
, (A37)

where C is a constant term common to all countries and country 1 is the US.

Given the simulated X, A 0 can be easily computed using the relations Xi j = � f x0gji f x0gi

and f A 0gi j =
�
f x0gji f x0gi � f x0gi j f x0gj

� + . CBC can then be computed using eq. (27),

with w = 1 and a = 0.68. It is evident that RM and CBC are connected through a

complex and nonlinear relationship.

51. This assumption avoids introducing unnecessary randomness not directly related to trade. Results are robust
to alternative values to 20.
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As shown in eq. (A37), the expected currency returns (USD-based) are (perfectly)

negatively related to Richmond centrality in the simulated Richmond world, and only

USD-valued trade data are required. If CBC in this world is positively correlated

with currency returns (in line with our hypothesis in the main text), i.e., negatively

correlated with Richmond centrality, this could suggest that Richmond's model sub-

sumes ours. However, if the correlation between CBC and Richmond centrality is not

signi�cantly negative, this would indicate that our model is not simply a variant of

Richmond's, thus warranting the exploration of solutions beyond a complete market

model in an imperfect �nancial market setting.

[Insert Figure A5 about here]

By conducting these simulations, we can analyze their rank correlations to gain

insights into the directional relationship between CBC and Richmond centrality. The

simulation results are presented in Figure A5, where 1,000 simulations are conducted

to generate relative percentage histograms of the rank correlations between CBC and

Richmond centrality within Richmond's theory. To account for the statistical signi�-

cance of the rank correlations, we employ a p-value-adjusted version of the rank cor-

relations: adjusted corr = ( 1 � pval )corr, where corr represents the sample Spearman

correlation of the 30 CBC and Richmond centrality pairs in the simulation, and pval is

the corresponding p-value.

In Figure A5, we observe that in the Richmond theory, the correlation between

CBC and Richmond centrality is generally insigni�cant, with a mean of 0.08 and a

standard deviation of 0.17. In other words, in a model setting with complete markets

where the total trade network drives the cross-section of currency risk premia, the

trade imbalance network has no link to the total trade network, as the two networks

are statistically uncorrelated. This lack of correlation also contrasts with the empirical

fact that in the data total trade network centrality and trade imbalance centrality are

negatively correlated. These �ndings support, albeit indirectly, the need for an imper-

fect �nancial market framework beyond Richmond's complete market model to justify
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the trade imbalance network as a driver of the risk-bearing capacity of �nanciers and,

in turn, currency risk premia.

H Details of constructing the trade imbalance networks

In this subsection, we give one example of how we construct the imbalance networks

based on currencies used in �ve countries/areas: the Euro area, the US, New Zealand,

Japan, and Mexico. In the original data, each country reports its import and export

(in USD) from all trade partners. As mentioned in the paper, to keep the reported ex-

port and import consistency, we choose to use the exports reported by each country.

A small sample of the trade data in 2018 is shown in Table A2. RISO and PISO are

the ISO of the reporting and trading partner countries, respectively. We �rst use the

import of each country by the reported export of its trade partners, and then calculate

the trade balance as the difference between the export and import values, i.e., export

minus import (see Table A3). After this, we use the “Balance” column in Table A3 to

create an edge for each paired trading partner, which reveals a binary relation, either

de�cit or surplus. The absolute value of the balance is the edge/link size (see Table A4)

of the de�cit or surplus trade network. However, countries that have the same amount

of de�cit may be exposed to different levels of risks if these countries have very dif-

ferent amounts of total trade. For example, if country A has a de�cit of $20000, and its

total trade is $2 million, then the relative de�cit to its total trade is just 1% compared

with another country B with the same amount of de�cit but a total trade of $200000,

whose relative de�cit would be 10%. Country B is riskier than country A. Therefore,

we construct the trade network by normalizing the imbalance by the total trade of

paired countries.

[Insert Tables A2 to A4 about here]

In the trade de�cit network, the direction always points to the de�cit country (the

target node). The de�cit network constructed with the above-mentioned �ve countries

is visualized in Figure A6. The left panel plots the network edged/linked with the

pairwise value of the de�cit. The right panel plots the network edged/linked with
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RTL, i.e., the pairwise de�cit normalized by the total trades. From Figure A6, we can

see that the risk of the same amount of de�cit is very different for the countries with

different total trade: in the right panel of Figure A6, currency risk would be smaller for

the US, which has a de�cit from the Euro area after normalizing the de�cit by the total

trades of these two currencies, than as shown in the left panel of Figure A6 where the

US has a de�cit from the Euro area without normalizing by their total trade.

[Insert Figure A6 about here]

I Construction of the tradable AEM and HKM factors

AEM use shocks to the leverage of securities broker-dealers to construct an intermedi-

ary discount factor, they �nd that this factor can price size, book-to-market, momen-

tum, and bond portfolios. Congruently, HKM uses shocks to the equity capital ratio

of �nancial intermediaries to construct a systematic risk factor and �nds that expo-

sures to this factor have signi�cant explanatory power for cross-sectional variation in

expected returns in many assets.

We follow Fama and French (1993) and form portfolios using the individual cur-

rency returns based on factor betas, where betas are computed using expanding win-

dow regressions. We form four portfolios based on ex-ante betas of the AEM and HKM

factors.52 We use the high-minus-low portfolio (portfolio 4 minus portfolio 1) as trad-

able proxies of AEM and HKM factors.

J Supplementary results

This appendix contains supplementary results omitted in the main text.

J.1 Further evidence on CBC's predictability

We further verify the predictability of the CBCon currency returns by regressing either

the future FD or currency excess returns on CBC. In the regressions, we control for var-

52. AEM factor data are available at https://sites.google.com/site/tylersmuir/home/data-and-code and
HKM factor data are available at https://voices.uchicago.edu/zhiguohe/data-and-empirical-patterns/
intermediary-capital-ratio-and-risk-factor/.
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ious economic variables used in the existing currency asset pricing literature. Follow-

ing Richmond (2019, Table I), all regression speci�cations include year-�xed effects.

The results are reported in Table A5. We can see from the table that one standard de-

viation in CBCincreases FD by about 1.2% and currency excess returns by about 1.5%.

The coef�cients are all statistically signi�cant at least at the 5% signi�cance level. We

consider �ve control variables that are commonly used in the existing currency asset

pricing literature.

[Insert Table A5 about here]

Economy size (GDP)Central economic regions may be large on average, and the

size of a region affects its trade and de�cit. Therefore, we �rst control for the size

using GDP following Hassan (2013). We �nd that the centrality coef�cient is effectively

unchanged and the magnitude of the centrality effect remains unchanged.

Trading size (trade to GDP)To make sure our results are not driven by trade size,

we control for a region's total trade-to-GDP ratio, a measure of trade size. As shown in

the table, CBCstill matters for FD and currency premia after controlling for the trade

to GDP.

De�cit size (de�cit to trade and de�cit to GDP)We also control for the size of the total

de�cit by including the de�cit to trade and de�cit to GDP, which effectively controls

for Della Corte, Riddiough, and Sarno (2016)'s total imbalance effect to a large ex-

tent. We �nd no signi�cant change in the coef�cient of CBCafter controlling for either

de�cit to trade or de�cit to GDP.

Global production risk (total trade network centrality)Finally, we also control for the

total trading network centrality of Richmond (2019), and the results remain unchanged,

indicating our results are not driven by the risk channel argued by Richmond (2019).

J.2 In-sample analysis of alternative CBCs within the overlapping sample period

The estimation procedure used in Section 3.3 for calibrating w and a is informative

about the in-sample predictive power of each of the alternative networks. The stronger
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the predictive power, for any given network, the higher the Spearman's rank correla-

tion coef�cient of the currency risk premia and the model-implied currency returns. 53

For consistency, all comparisons are conducted within the sample period (2008-2021)

in this analysis, in order to have a level playing �eld for all networks. Ultimately,

the objective of this exercise is to compare the strength of the link between alterna-

tive networks and currency excess returns within the same theoretical framework and

empirical machinery, and the in-sample predictive analysis allows us to address this

question with high statistical power using all of the data available to us.

[Insert Table A6 about here]

The parameters w and a obtained using our procedure are reported in Table A6

for all alternative networks. Trade Imbalancerefers to the trade imbalance network in-

troduced in this paper, with the estimation carried out over the shorter sample. The

results in Table A6 are clear cut. The “Corr” Column reports our key metric, i.e. the

Spearman correlation coef�cient of the currency risk premia and the model-implied

currency return based on w and a, and “Pval” is the p-value of the corresponding

Spearman correlation coef�cients. The estimated values for w and a are somewhat

similar across the alternative networks considered; speci�cally, in most cases, w is

lower than a, with w in the range between about 0.36 for the trade imbalance net-

work and 0.56 for the total trade network, and a in the range between about 0.49 for

the capital �ow network with full restatement of the data and 0.636 for the trade im-

balance network. The Spearman's rank correlation is roughly the same for all capi-

tal �ow networks and revolves around 7%. The Spearman's rank correlation for the

trade imbalance network is more than twice the size of that of the capital �ow net-

works (over 15%). The total trade network of Richmond (2019) displays a negative

Spearman's rank correlation in our setting and sample. Moreover, the rank correlation

between currency returns and the expected currency returns implied from the trade

imbalance is the only one that is statistically signi�cantly different from zero, with a

53. Please refer to Section 3.3 for more details on how the Spearman's rank correlation coef�cient is calculated
and used to calibrate a and w.
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very low p-value, suggesting that all other Spearman's rank correlations have large

con�dence intervals. In summary, compared with all alternative networks, the trade

imbalance network provides stronger predictive information – both statistically and

economically – relevant to currency excess returns.
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Fig. A1: Convergence in the recursive equilibrium

Note: This �gure plots how q and x0 converge to equilibrium values within 10 interactions in the recursive equilibrium described in Internet Appendix B based on a three-country
numerical example. The left (right) panel shows the convergence paths of q (x0). The numerical values for x are given by

x0 =

2

6
6
6
4

10, � 3, � 4

� 2, 7, � 1

� 8, � 4, 5

3

7
7
7
5

.

a = 0.4 and w = 1 for the Gfunction. The initial values of x̃0 are [1, 0.5, 0.7]| . The equilibrium values of x0 and q are x0 = [ 1, 0.59, 1.81]| ; q = [ 1.01, 0.29,� 1.30]| .
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Fig. A2: Example four-country network graph

Note: This �gure plots the network structure of the four-country example. The numerical values for A0 are given
by:

2

6
6
6
6
6
6
4

C1 C2 C3 C4

C1 0, 0, 0.23, 0.59

C2 0.24, 0, 0.59, 0

C3 0, 0, 0, 0.18

C4 0, 0.21, 0, 0

3

7
7
7
7
7
7
5

This is a directed network with arrows pointing to de�cit countries. a = 0.6 and w = 1 for the Gfunction. The
values of qand rp are q = [ � 0.58,� 0.62, 0.64, 0.56]| ; rp = [ � 0.66,� 0.58, 0.34, 0.36]| . They are shown in parentheses
alongside the nodes. The darkness of the edge color is proportional to the edge size (the net de�cit between the
connected pair), which is shown on each edge. The nodes for net de�cit countries are in the star shape in red, and
those for net surplus countries are in the circle shape in green. The node size is proportional to its ranking in rp.
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Fig. A3: Creditor chains in the four-country network

(a) Creditor chains of country 3 (b) Creditor chains of country 4

Note: This �gure plots the creditor chains on the network for countries 3 (Panel a) and 4 (Panel b) in the four-country example presented in Figure A2. The numerical values for
A0 and Gare given by:

A0 =

2

6
6
6
6
6
6
4

C1 C2 C3 C4

C1 0, 0, 0.23, 0.59

C2 0.24, 0, 0.59, 0

C3 0, 0, 0, 0.18

C4 0, 0.21, 0, 0

3

7
7
7
7
7
7
5

, G=
�
I � aA |

0

� � 1 =

2

6
6
6
6
6
6
4

C1 C2 C3 C4

C1 1, 0.14, 0.00, 0.02

C2 0.05, 1, 0.01, 0.13

C3 0.15, 0.38, 1, 0.05

C4 0.37, 0.09, 0.11, 1

3

7
7
7
7
7
7
5

.

This is a directed network with arrows pointing to de�cit countries. a = 0.6 for the G function. The values of q and rp are q = [ � 0.58,� 0.62, 0.64, 0.56]| ; rp =
[� 0.66,� 0.58, 0.34, 0.36]| . The nodes for net de�cit countries are in the star shape in red, and those for net surplus countries are in the circle shape in green. The node size
is proportional to its ranking in rp. The creditor chains are highlighted in red on the corresponding edges. If there are two chains within the same steps, the second one is
highlighted in pink. The numerical value of the chain's contribution to rp is shown in the subtitle of each subplot.
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Fig. A4: Nonlinear one-factor model simulation results

Notes: The panels in this �gure show the simulation results from the nonlinear one-factor model. The numerical
settings are as follows: n = 30 (including country 1), b1 = 0, for i � 2, bi goes from -1 to 1 with equal space,
f̄ = 0.08, and s f = 0.8. 1000 simulations are conducted. In each simulation, for i 6= j, � f x0gi ,j is drawn from
a gamma distribution with the shape parameter = 1.138 and the rate parameter = 1.112. and f is drawn from a
normal distribution with mean f̄ and variance s2

f , f x1gi ,j is calculated via eq. (A23) from f x0gi ,j and f . The top

and middle panels show the one to 99 percentile interval of the simulated currency returns f x1gi � f x0gi and
CBCi , respectively, for each �xed bi . The mean lines in the top and middle panels plot the mean of the simulated
currency returns f x1gi � f x0gi and CBCi , respectively, over different �xed bi 's. The bottom panel shows the scatter
plot of the simulated currency returns f x1gi � f x0gi against CBCi . The pairs with non-negative (negative) bi are
highlighted in blue (red) bubbles.
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