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Abstract

We quantify how uninformed demand affects exchange rates in an intercon-
nected FX market. Using 11 years of daily customer-bank FX flows and exchange-
rate returns across 17 currencies, we find that a $1 billion demand shock to one
currency moves other exchange rates by up to 9 basis points, with substantial
heterogeneity across currency pairs. Our key insight is that cross-currency prop-
agation can be decomposed into factor-level repricing and currencies’ exposures
to common risks. We make this decomposition empirically tractable by iden-
tifying three traded risk factors that account for 90% of the non-diversifiable
risk banks bear when absorbing customer demand imbalances and that plausibly
exhibit no cross-factor price effects. We estimate each factor’s price sensitivity us-
ing sovereign bond auction announcements as instruments for non-informational
shocks to factor demand and find that the FX market is highly elastic. Consistent
with the model’s predictions, out-of-sample FX interventions show that shocks
originating in one currency transmit broadly across FX markets through shared
risk exposures.
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1 Introduction

A defining feature of modern financial markets is their tight interlinkages. Shocks originating
in one part of the market can rapidly propagate to many others (e.g., Allen and Gale, 2000;
Pavlova and Rigobon, 2008). One important class of shocks is demand shocks. Although
demand shocks need not reflect changes in fundamentals, they can move asset prices substan-
tially (e.g., Lee, Shleifer, and Thaler, 1991; Froot and Ramadorai, 2008; Koijen and Yogo,
2019). In an interconnected market, these effects rarely remain confined to the asset initially
traded. For example, a currency intervention may move not only the targeted exchange rate
but also many other currencies. Which currencies react, and by how much? Answering these
questions is essential for effective policy design and response.

We study this question using a novel dataset of daily FX trades between customers
and banks from 2012 to 2023 across 17 currencies. The data directly measure the demand
imbalances that banks must absorb and allow us to trace how uninformed demand affects
exchange rates. Our approach proceeds in three steps. First, we show that cross-currency
demand propagation can be decomposed into factor-level repricing and currencies’ exposures
to common risks. Second, we identify three traded risk factors that account for most of
the non-diversifiable risk borne in FX trading and that plausibly exhibit no cross-factor
price effects, making the decomposition empirically tractable. Third, we estimate factor-
level price sensitivities using sovereign bond auction announcements as instruments for non-
informational demand shocks and find that the FX market is highly elastic. Together,
these ingredients allow us to recover the cross-currency propagation matrix and validate the
resulting estimates using out-of-sample FX interventions.

The empirical challenge is that demand propagation is high-dimensional. Directly es-
timating all the spillovers across the 17 currencies in our sample is difficult because each
exchange rate reflects many demand shocks at once, and clean currency-specific demand
shocks are scarce. We reduce this dimensionality using a key asset-pricing insight: banks
do not absorb customer demand currency by currency in isolation, but through portfolios
of currencies that represent non-diversifiable FX risks, i.e., risk factors. A demand shock to
one currency changes banks’ exposure to these risk factors; factor prices move; and those
price changes transmit to other currencies through their factor exposures.

However, reducing the problem to a small number of factors is not sufficient on its own.



If the price of one factor responds to demand for other factors, or to omitted sources of risk,
then estimating factor-level price sensitivities still requires demand shocks that isolate each
factor from all other relevant risks. Such factor-specific shocks are empirically difficult to
find. We therefore construct factors that plausibly have no cross-factor price spillovers. For
these factors, even if there is concurrent customer demand for several factors, the price of
each factor responds only to its own demand, allowing us to estimate price sensitivities factor
by factor. Our theory shows that these factors can be recovered as currency portfolios with
no common variation in both exchange-rate returns and customer-bank flows. We call them
“traded risk factors™ they are “risk factors” because their returns capture non-diversifiable
FX risks, and they are “traded” because their flows capture the customer trading imbalances
banks absorb.

The traded risk factors are economically interpretable, stable over time, and quantita-
tively important. The top three account for about 90% of the non-diversifiable risk banks
bear when absorbing customer demand imbalances, confirming that customer demand is
absorbed through a small number of non-diversifiable risks. The first two factors resemble
the well-known Dollar and Carry factors, but are recovered without using ex ante currency
characteristics. The Carry factor, for example, emerges without first sorting currencies by
interest rates, as in Lustig, Roussanov, and Verdelhan (2011). The third factor, which we
call the Euro-Yen Residual, emerges only when returns and flows are analyzed jointly. It
captures the risk banks bear when accommodating active customer trading between the euro
area and Japan after Dollar and Carry exposures are hedged. Over the sample, banks sold
about $1 trillion of Dollar exposure to customers, accumulated about $0.8 trillion of Carry
exposure, and maintained persistently positive exposure to Euro-Yen Residual.

Because the traded risk factors are constructed to have no cross-factor spillovers, we
estimate each factor’s price sensitivity separately. To do so, we use the week-ahead an-
nouncements of sovereign debt auction amounts in eight advanced economies as instruments
for customer demand. These announcements are relevant because sovereign auctions attract
foreign investors who must acquire local currencies to participate. They are also plausibly
exogenous because we use announced offering amounts rather than auction outcomes or re-
alized purchases, thereby exploiting predetermined variation in currency-conversion needs
rather than realized demand. Moreover, sovereign issuance is heavily forward guided. For

example, in the United States, the Treasury Borrowing Advisory Committee issues recom-



mendations for auction sizes two quarters in advance, and subsequent announcements rarely
deviate from those recommendations (Rigon, 2024). As a result, announced offering amounts
are unlikely to contain substantial new information about fundamentals or short-term FX
market conditions. Consistent with this interpretation, the estimated price effects are tem-
porary and largely reverse within a month.

The estimated factor price sensitivities reveal a highly elastic FX market. A $1 billion
demand shock moves factor prices by about 4 basis points for the Dollar factor, 6 basis
points for the Carry factor, and 24 basis points for the Euro-Yen Residual. For the Dollar
factor, $1 billion corresponds to about 5 basis points of estimated bank dollar positions,
implying a demand elasticity of about 1.5. The Dollar exchange rate is therefore substan-
tially more elastic than the aggregate U.S. equity market, where Gabaix and Koijen (2021)
estimate an elasticity of about 0.2, but less elastic than the aggregate U.S. Treasury market,
where Jansen, Li, and Schmid (2024) estimate an elasticity of about 3.2. One interpreta-
tion is that both Dollar FX and U.S. Treasuries are absorbed primarily by large, diversified
financial institutions with substantial risk-management capacity, allowing these markets to
accommodate demand imbalances more readily than the aggregate equity market.

A key model restriction is that traded risk factors exhibit no cross-factor price spillovers.
We test this restriction by examining whether demand shocks for one factor affect the prices
of other factors, and find that cross-factor price sensitivities are jointly indistinguishable from
zero. This evidence supports treating the traded risk factors as separable and estimating
price sensitivities factor by factor.

With no cross-factor spillovers, currency-level propagation can be decomposed into prop-
agation through the traded FX factors. A demand shock to a currency changes the portfolio
risks that banks must absorb. Those risk imbalances can be expressed as exposures to the
traded FX factors, whose prices change according to the estimated factor price sensitivities.
Spillovers to other currencies then depend on their exposures to the same factors, and the
effect is obtained by summing across factors. This yields a full cross-currency propagation
matrix. Quantitatively, a $1 billion demand shock to one currency moves other exchange
rates by up to 9 basis points, indicating substantial propagation across the FX market.

The propagation matrix reveals rich patterns of cross-currency substitution and comple-
mentarity. Propagation is strongest when two currencies have similar exposures to the traded

risk factors, because demand for one currency raises the prices of risks borne by the other.



Conversely, propagation is weaker when their factor exposures offset, since one currency can
help banks hedge the risks generated by demand for the other. For example, the Australian
dollar (AUD) and Canadian dollar (CAD) have similar exposures to all three traded risk
factors, generating a strong propagation between the two. By contrast, the Japanese yen
(JPY) has the opposite Carry exposure relative to AUD and CAD, making it a partial hedge
and resulting in much weaker propagation between JPY and those currencies. A more nu-
anced case is the euro (EUR) and JPY. Both are low-interest-rate currencies and therefore
behave as substitutes along the Carry factor, but they lie on opposite sides of the Euro-Yen
Residual factor, making them complements along that factor. The two forces offset, leaving
their overall cross-currency price sensitivity modest. These findings illustrate that substitu-
tion and complementarity are properties of risk exposures rather than currencies themselves:
the same pair of currencies can be substitutes for some risks and complements for others.
Finally, we provide an out-of-sample validation of the model-implied cross-currency prop-
agation pattern using spot interventions by the Central Bank of Brazil (BCB). This setting
is useful because the interventions in our sample are announced in advance, making the
subsequent transactions simply demand shocks to the Brazilian real (BRL). Moreover, the
exercise is fully out of sample, as BRL is not used to construct the traded risk factors or to
estimate their price sensitivities. For each intervention, we use the estimated factor struc-
ture and price sensitivities to predict how a BRL demand shock should affect each sample
currency, and compare these predictions with realized exchange-rate responses around the
intervention. We find that currencies with larger predicted spillovers exhibit larger realized
responses in the predicted direction, providing strong cross-sectional support for the model.
Our paper contributes to the literature on exchange rates by quantifying how demand
shocks propagate across currencies through traded risk factors. Beyond conveying informa-
tion (e.g., Evans and Lyons, 2002; Pasquariello, 2007; Froot and Ramadorai, 2008), customer
trading affects exchange rates by changing the non-diversifiable risks that banks must ab-
sorb. We recover these risks from joint variation in trading flows and returns. Return
comovement across currencies identifies common non-diversifiable risks (Ross, 1976), while
flow comovement identifies the portfolios actually traded by customers and absorbed by
banks (Hasbrouck and Seppi, 2001). Combining the two lets trading actions reveal which
non-diversifiable risks customers trade and banks absorb, providing a trading-based revealed-

preference counterpart to the standard approach of constructing factors from conjectured



state variables and testing their cross-sectional pricing power.! The two most traded risks
we recover are the Dollar and Carry factors, the same risks that help price unconditional FX
returns in Lustig, Roussanov, and Verdelhan (2011). Our contribution is to show that these
are also the dominant risks traded by customers and absorbed by banks. We also uncover a
new Euro-Yen Residual factor, highlighting the power of analyzing returns and flows jointly.
These findings complement the broader literature on priced currency risks (e.g., Bansal and
Dahlquist, 2000; Lustig and Verdelhan, 2007; Hassan and Mano, 2018; Korsaye, Trojani, and
Vedolin, 2023) and highlight the role of intermediation frictions in FX pricing (e.g., Gabaix
and Maggiori, 2015; Itskhoki and Mukhin, 2021). More broadly, our results shed light on
how non-diversifiable risks drive price comovement across currencies, which can also underlie
the connection between FX and other asset markets, and in the transmission of monetary
policy shocks (e.g., Jiang, Krishnamurthy, and Lustig, 2021; Camanho, Hau, and Rey, 2022;
Chernov and Creal, 2023; Gourinchas, Ray, and Vayanos, 2024; Loualiche, Pecora, Somogyi,
and Ward, 2024).

Beyond the FX setting, our paper contributes to the broader literature on demand-based
asset pricing and inelastic markets (Koijen and Yogo, 2019; Gabaix and Koijen, 2021). A
large part of this literature disciplines substitution across assets using investor holdings, as-
set characteristics, and return covariances (e.g., Kodres and Pritsker, 2002; Pasquariello and
Vega, 2015; Koijen and Yogo, 2020; Vayanos and Vila, 2021; Bretscher, Schmid, Sen, and
Sharma, 2022; Chaudhary, Fu, and Li, 2023; Davis, Kargar, and Li, 2023; Greenwood, Han-
son, and Vayanos, 2023; Jansen, Li, and Schmid, 2024; Jiang, Richmond, and Zhang, 2024;
Chaudhry and Davis, 2026). Our contribution is to use the classic factor-versus-idiosyncratic-
risk distinction to discipline demand propagation. With N assets, the unrestricted object is
an N x N price-sensitivity matrix, whereby the demand for one asset can move the prices
of all its substitutes and complements. Classic asset pricing suggests a risk-based reduction
of this object: assets are linked through shared exposures to non-diversifiable risks, while
idiosyncratic components primarily generate asset-specific price effects (Markowitz, 1952;
Ross, 1976). We apply this logic to demand propagation. Moving from N assets to K < N

factors reduces dimensionality, but a generic factor model still allows demand for one factor

IFor example, Fama and French (1993) identify size and value as key state variables for expected returns,
sort stocks by these variables to build the size and value factors, and then show that these factors price the
cross-section of expected returns.



to reprice other factors, leaving a K x K cross-factor price-sensitivity matrix, as emphasized
by recent work on cross-asset causal inference and substitution (Haddad, He, Huebner, Kon-
dor, and Loualiche, 2025). We instead construct traded risk factors that are orthogonal in
both returns and trading flows and find that cross-factor price spillovers are jointly indistin-
guishable from zero. The resulting framework reduces the demand-propagation object to K
factor-level price sensitivities and currencies’ exposures to traded risks.

More generally, our paper contributes to the intermediary asset-pricing and market mi-
crostructure literatures, which emphasize limited risk-bearing or balance-sheet capacity as a
driver of price responses to demand shocks (e.g., Ho and Stoll, 1981; Grossman and Miller,
1988; Gabaix and Maggiori, 2015; He and Krishnamurthy, 2017; Kondor and Vayanos, 2019;
Haddad and Muir, 2021; Du, Hébert, and Huber, 2023; Du, Hébert, and Li, 2023). We share
this focus on constrained risk-bearing, but argue that banks’ constraints are priced at the
level of traded, non-diversifiable risks rather than individual currencies. This perspective is
consistent with the foundational insights of Markowitz (1952), Sharpe (1964), and Lintner
(1965): what matters for price response is not only the currency being traded, but the risk
that banks must absorb.

The next section presents our empirical framework. Section 3 introduces the data. Section
4 constructs the traded risk factors. Section 5 estimates their price sensitivities to demand
using sovereign debt auction instruments. Section 6 maps these factor-level estimates into
cross-currency demand propagation and provides an out-of-sample validation of the resulting

propagation pattern. Section 7 concludes.

2 Empirical Framework

This section provides the framework for quantifying demand propagation in the data. Section
2.1 presents a general bank-customer trading model where equilibrium returns and flows are
jointly determined by banks’ and customers’ willingness to trade. It yields a currency-level
supply-demand system in which customer flow into one currency can affect returns in all
currencies. The key object is the price sensitivity A, ,,: the effect of customer flow into
currency m on the return of currency n, holding fixed banks’ valuation shocks and customer
flows into other currencies.

Estimating A, ,, directly is difficult because FX demand shocks often move multiple



currency flows simultaneously, causing currency-level IV regressions to conflate the direct
effect of one currency’s flow with the effects of others. The rest of the section addresses this
problem by identifying the price sensitivity not of individual currencies but of portfolios of
currencies. Section 2.2 first develops a simple benchmark that clarifies why cross impacts
disappear for portfolios that experience neither common bank-side nor customer-side shocks.
Section 2.3 then constructs such portfolios from return and flow data; we call them traded
risk factors. Finally, Section 2.4 shows how factor-level price sensitivities map back to
currencies’ through no-arbitrage and currency risk exposures. The model therefore delivers
a full currency-level demand-propagation matrix even though cross impacts vanish at the

traded risk factor level.

2.1 Currency-Level Equilibrium and Price Sensitivities

We begin with an equilibrium model of currency trading between banks and customers. The
U.S. dollar, indexed by 0, is the numeraire, and there are N foreign currencies indexed by
n=1,...,N. Let r,; denote the equilibrium excess return of currency n against the U.S.
dollar in period ¢, and let AQ,,; denote the equilibrium customer net flow into currency n.
To circumvent the large volume of vehicle-currency trading, we collapse pairwise FX trades
into signed flows for non-dollar currencies relative to the U.S. dollar numeraire. For example,
if a customer buys euros and sells yen to a bank, the trade is recorded as positive euro flow
and negative yen flow. Thus AQ),; > 0 means that customers are net buyers of currency n
from banks; banks take the opposite side, so their induced position is —AQ),, ;.

Appendix A.1 derives the equations below from a general bank-customer equilibrium
model. Banks and customers choose currency positions to maximize expected utility; their
wealth processes, pre-existing exposures, hedging needs, constraints, and utility functions
may differ, and no specific functional form is imposed. The resulting linearized first-order

conditions of banks and customers are:

Tnt = Tf’t + /\n,nAQn,t + Z )\n,mAQm,tv (]-)
m#n

Tnt = ry?:t - en,nAQn,t - Z en,mAQm,t- (2)
m#n

These two equations express the same equilibrium return from the two sides of the market.



B

., banks’ valuation of currency n when customer

From the bank side, the return equals r
flow is zero, plus the compensation banks require for absorbing customer flows across all
currencies. The customer-side equation is analogous, with the opposite sign because flows
are measured from the customer side. The valuation shocks r, and Ti , are latent, while
rne and AQ, are observed equilibrium outcomes.

The key structural objects are the slope matrices {\,,,} and {6,,,}. The bank-side
slopes { A} measure how customer flow into currency m changes the return of currency
n, holding fixed banks’ valuation shock Tﬁt. The diagonal terms capture own-currency price
sensitivities, while the off-diagonal terms capture demand propagation across currencies. We
focus empirically on A because many important shocks in FX markets shift customer-side FX
flows, including bond-issuance-induced flows, benchmark rebalancing, and policy-motivated
interventions. The customer-side coefficients 0, ,,, are analogous, but identifying them would
require bank-side shocks.

Directly estimating A, ,, from (1) is difficult even with instruments. In the ideal case, we
have, for each currency m, an instrument z,,; that is uncorrelated with bank-side valuation
shocks, shifts customer flow into currency m, and does not move customer flows into other

currencies:

cov(zm,t,rfit) =0 for all n, cov(zme, AQmy) # 0,  cov(zme, AQj ) = 0 for all j # m.
(3)
The first two restrictions are the standard IV exclusion and relevance conditions. The last
restriction is the additional requirement in a cross-currency setting, whereby the instrument
must isolate customer flow into currency m.

This additional requirement is hard to satisfy because FX demand shocks usually affect
many currencies at once. For example, a U.K. sovereign bond issuance may raise demand
for sterling, but foreign investors can fund the purchase from dollars, euros, yen, or other
currencies, generating flows in several currencies at once. Similarly, benchmark rebalancing
and policy-motivated interventions change investors’ currency portfolios, not just demand
for a single currency. Against this reality, instrumenting only AQ),,; would then mix the
direct effect of currency m’s flow with the effects of flows to other currencies.

This motivates us to directly work with portfolios of currencies. But an arbitrary set of

portfolios does not solve the problem, as customer flow into one portfolio can still affect the



return of every other portfolio. We need special portfolios for which cross impacts disappear,
so that the system can be estimated one portfolio at a time. To build intuition, the next
subsection first studies the benchmark in which currencies are counterfactually separable;
the following subsection then constructs the relevant separable portfolios from equilibrium

return and flow data.

2.2 Benchmark: Separable Currencies

Consider first the benchmark in which each pair of distinct currencies has no common bank-
side valuation shock and no common customer-side valuation shock:

cov(rit, TT]?M) =0 and cov(rﬁt, T’TC;M) =0, n # m. (4)
This condition defines the separable-currency benchmark; it is not meant to describe reality.

In this separable benchmark, it is plausible that valuation shocks to one currency do not

systematically covary with the equilibrium flow or return of another currency:

B A
cov (<r2t> , ( th)) = O9x2, n # m. (5)
Tn,t Tm,t

We call the restriction in (5) Structural Orthogonality.

The economic rationale is that cross-equilibrium covariance should require a common
channel. If currency n’s valuation shock systematically covaries with currency m’s equi-
librium flow or return, then the two currencies must be linked through the bank side, the
customer side, or both, such as through a common bank constraint, a common customer trad-
ing motive, common information, or shared risk exposure. Once bank-side valuation shocks
and customer-side valuation shocks are separately orthogonal, as in (4), it is plausible that
no such channel remains.

Structural Orthogonality eliminates the cross terms in the supply-demand system. Ap-

pendix A.2 provides a proof.

PROPOSITION 1. In the separable currency benchmark satisfying Structural Orthogonal-
ity, the supply-demand system in (1) and (2) has no cross impacts. That is, for any two



distinct currencies n # m,

A =0 and 0, = 0. (6)

) )

Thus, in the separable benchmark, the additional currency-level restriction in (3) is no
longer needed. Even if an instrument for currency n also moves flows in other currencies,
those flows do not affect r,,; once cross impacts vanish. Identification of ), ,, therefore only

requires customer-flow variation in AQ),,; that is orthogonal to the bank-side valuation shock

B
n,t:

The separable-currency benchmark in (4) is stated in terms of latent valuation shocks.

r

The next proposition shows that the same benchmark can be expressed using observed

returns and flows. Appendix A.3 provides a proof.

PROPOSITION 2. Under Structural Orthogonality, for any two distinct currencies n #

m7
cov(rf:t,rﬁ’t) =0 and cov(rit,rnc%t) =0 (7)
iof and only if
cov(rpt, Tme) =0 and  cov(AQnt, AQm+) = 0. (8)

Proposition 2 tells us what to look for in the data. Although bank- and customer-side
valuation shocks are latent, returns and customer flows are observed. As raw currencies
generally have correlated returns and flows, we next construct the empirical counterpart of

the separable benchmark: currency portfolios whose observed returns and flows satisfy (8).

2.3 Traded Risk Factors

We call portfolios whose observed returns and flows satisfy (8) traded risk factors. They are
“risk factors” because their returns capture non-diversifiable FX risks, and they are “traded”
because their flows capture the customer trading imbalances banks absorb.

A factor k is a zero-investment long-short currency portfolio with weights {w, x}2_,

where the U.S. dollar weight satisfies wy, = — 25:1 Wy k. Since all currency returns are
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measured relative to the U.S. dollar numeraire, the factor return is

N
factor __ 9
T = Wn,kTn,t- (9)
n=1

The factor flow is obtained from aggregating currency flows by factor exposures. Specif-
ically, let 3, denote currency n’s beta with respect to factor k,? then customer flow into
factor k is N

AQEF =) BukAQuy. (10)
n=1
As one dollar of customer flow into currency n creates 3, dollars of exposure to factor k,
summing these beta-scaled exposures across currencies gives the net customer flow into factor
k. Thus AQPS*" measures the factor risk exposure embedded in customer-bank trading
(Hull, 2022, Section 3.6).
The following proposition constructs the traded risk factors. Appendix A.4 provides a

proof.

PROPOSITION 3. There exists an ordered set of traded risk factors, defined by currency-

portfolio weights {wy, 1}, such that the associated factor returns and factor flows satisfy:

1. Uncorrelated factor returns:

cov (rgf ", i) =0, k#j (11)
2. Uncorrelated factor flows:
cov(AQE™ AQE™) =0, k#] (12

The factors are ordered by the amount of trading-induced non-diversifiable risk they capture:

factor factor
var (r'") var (AQE™") . (13)
*Formally, let rictor .= (plagtor  pfactor)T For each currency n, define 3, :=

var(rfactor) =L coy(rfactor . 1) and let B, x be the k-th element of 3,,.
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The factors are unique up to sign and normalization, and up to rotations within eigenspaces

associated with repeated eigenvalues.

With the traded risk factors in hand, the separable system can be written factor by
factor:

factor __ _ B,factor factor factor factor __ _C.factor factor factor
Trt = Tht + A TTAQET Trt = Ty — 07T AQRT (14)

Thus each traded risk factor has its own price sensitivity to customer demand.

To identify Aact°r we need an instrument z,?"ftor satisfying the standard IV conditions:

cov (z,fjftor, r,ﬁ ;faCt°r> =0, cov (25", AQRY) # 0. (15)

Unlike the currency-level condition in (3), the instrument does not need to engender flow in
only one single currency or factor because there are no cross-factor impacts, so even if the
instrument induces flows across multiple factors, these flows do not enter factor k’s return
equation.

We use the U.S. dollar as the numeraire only for accounting. Choosing a different nu-
meraire simply re-expresses the same long-short currency portfolios and customer flows in
different coordinates. Because the factor construction depends on the joint return-flow covari-
ance structure of these portfolios, the resulting traded risk factors are unchanged. Appendix

A.5 provides a proof.

PROPOSITION 4. The traded risk factors in Proposition 3 are invariant to the choice of

numeraire currency.

2.4 Demand Propagation Through Traded Risk Factors

The coefficient A, ,,, in (1) measures how customer flow into currency m changes the return
of currency n, holding fixed the bank-side valuation shock. The next proposition shows
that this currency-level propagation is the sum of repricing effects across traded risk factors.

Appendix A.6 provides a proof.
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PROPOSITION 5. The currency-level bank-side price sensitivity is

K factor factor
A\ o Z aAQk,t arm Orny
n,m p aAQm,t 8AQ§2?0r 8r£z?§tor

K
= Bk A B (16)
k=1

Equation (16) shows how cross-currency propagation arises even though cross impacts
vanish across traded risk factors. A one-dollar customer-flow shock to currency m induces
B dollars of customer flow into factor k, by the beta aggregation in (10). One dollar of
customer flow into factor k moves factor k’s return by Aac*r by the factor-level bank-side
equation (14). No-arbitrage then maps this factor repricing back to currencies: a change in
factor k’s return changes currency n’s return by £, .

The formula therefore generates a full and heterogeneous currency-level propagation ma-
trix. Propagation is large when the factor-level price sensitivity A" is large and when
both currencies load strongly on the same factor. Same-sign exposures, B, x8nr > 0, am-
plify propagation because customer flow into the two currencies adds to banks’ exposure to
the same traded risk. Offsetting exposures, 3, x5, < 0, dampen propagation because banks
can hedge customer flow in one currency with flow in another. Since the effect sums across
factors, two currencies can behave as substitutes along one traded risk and complements

along another.

3 Data

This section describes the data used in the empirical analysis. We first introduce the FX
trading flow and return data. We then describe the sovereign bond auction data used for
identification, and the FX intervention data from the Central Bank of Brazil for validation
test.

3.1 Trading Data

Our FX trading data come from the CLS Group (CLS), which provides settlement services

for FX trades conducted by its 72 settlement members, primarily large multinational banks.?

3A list of settlement members can be found at https://www.cls-group.com/communities/
settlement-members,/.
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As the largest single source of FX execution data, CLS covers over 50% of global FX traded
volumes.

We use daily aggregate FX order flow data from CLS, which include the total value of
buy and sell orders between banks and their customers in 17 currencies from September 2012
to December 2023. The currencies in our sample are: U.S. dollar (USD), Australian dollar
(AUD), Canadian dollar (CAD), Swiss franc (CHF), Danish kroner (DKK), Euro (EUR),
British pound (GBP), Hong Kong dollar (HKD), Israeli shekel (ILS), Japanese yen (JPY),
Korean won (KRW), Mexican peso (MXN), Norwegian kroner (NOK), New Zealand dollar
(NZD), Swedish kroner (SEK), Singaporean dollar (SGD), and South African rand (ZAR).
All trades in our data involve a bank and a customer as counterparties. Banks include bank-
affiliated dealers and hedge funds transacting through prime brokers. Customers include
asset managers, corporations, and non-bank financials. Our analysis aggregates trading
across all banks and all customers, so the empirical object is the market-level net amount
bought by customers from banks.

Consistent with the empirical framework in Section 2, we use the customer side of bank-
customer trades to construct currency-level flows. To circumvent inflating trading volume
from vehicle-currency trading, we aggregate pairwise FX trades into signed flows for each
non-dollar currency relative to the U.S. dollar numeraire. Customer purchases are recorded
as positive inflows into that currency, while customer sales are recorded as negative inflows;
banks take the opposite side of these flows.

To measure the total customer FX flow, we are the first to jointly analyze the CLS flows
data on FX spot (e.g., Ranaldo and Somogyi, 2021; Roussanov and Wang, 2023) alongside
data on FX forwards and swaps. Due to the sometimes negative correlation between flows
into spot versus forward and swap, excluding either can mismeasure total customer flow and
the corresponding price sensitivity (see Appendix B). The CLS forward and swap data are
organized by maturity buckets. We convert these future-settled contracts into comparable

spot flow measures by discounting the notional using forward rates.*® Aggregating across

4Conceptually, FX swaps should not create net currency positions for banks, as the spot and forward
legs offset each other in notional amounts. Empirically, a negligible amount of currency imbalance remains
after discounting the forward leg. Our results are effectively unchanged if swaps are excluded.

®Specifically, we use the 1-week forward rate for contracts maturing in 1-7 days, the 1-month forward
rate for contracts maturing in 8-35 days, the 3-month forward rate for contracts maturing in 36-95 days,
and the 1-year forward rate for contracts maturing in more than 96 days. The choice for these rates reflects
bucket maturity ranges and forward contract liquidity.
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spot, forward, and swap, we construct the USD-valued total daily net customer inflow for
each currency.

To align with our instruments, we analyze trading and returns at the weekly frequency.
Weekly flows are calculated by summing daily flows from Thursday to the following Wednes-
day. Our final trading data are a weekly-by-currency panel for 16 non-USD currencies
spanning 2012-09-06 to 2023-12-31. Each cell corresponds to AQ,; in Section 2: the net

amount of currency n bought by customers from banks in week ¢, measured in USD.

3.2 Return Data

We obtain the spot and forward exchange rate data for the 16 non-USD currencies in our
sample from Bloomberg. All prices are recorded at the London close. The CLS trading data
also follow London business hours.

We define the weekly currency return as the payoff to buying foreign currency forward
against the U.S. dollar and converting back at the future spot rate. For currency n from
week t to t + 1, we define 7411, = S¢41,n — frn, Where s, is the log spot exchange rate and
fin is the log one-week forward exchange rate (Lustig, Roussanov, and Verdelhan, 2011).5
Exchange rates are defined as USD per one unit of foreign currency, so a higher s corresponds
to USD depreciation.

3.3 Other Data

We collect sovereign bond auction data to construct instruments for FX demand shocks.
Specifically, we obtain the auction timing and offering amount of sovereign securities with
maturities of at least one year from government websites in the U.S., Australia, France,
Germany, Italy, Japan, Mexico, and Sweden. We match the dates of the announcements to
the weekly trading and return data described above.

We obtain records of FX interventions by the Central Bank of Brazil (BCB) from its
Dados Abertos portal.” The BCB conducts several types of interventions, most notably FX

SEquivalently, the return can be written as Tttlm = St41,n — St + ln — U4, USD — Lt n, Where ¢, , and
it ysp are net risk-free rates and x; , = fin, — St.n — i+, usD + it is the deviation from covered interest-rate
parity. Using observed forward rates incorporates these deviations, which helps capture the actual returns
faced by banks when absorbing customer flows.

Thttps:/ /www.bcb.gov.br/conteudo/dadosabertos/ BCBDepin / historico-atuacoes-mercado-cambio.csv
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swaps, which combine a spot intervention with an offsetting forward transaction. Because
these operations have limited net effects on spot FX demand, we focus exclusively on spot
interventions that are not accompanied by FX swaps.

Finally, we access the Triennial Central Bank Survey of Foreign Exchange and Over-
the-Counter Derivatives, conducted by Bank of International Settlement (BIS) from 2002

through 2022 to understand the relevant market size of spot, forward, and swaps.

4 Traded Risk Factors in FX

In this section, we construct traded risk factors in FX using the flow and return data. We
show that three factors capture most of the non-diversifiable risk induced by customer FX
trading. We then interpret these factors as the Dollar, Carry, and Euro-Yen Residual factors,
and describe their cumulative flows and returns over the sample period. Finally, we show

that these factors differ from those obtained by standard PCA on returns or flows alone.

4.1 Estimated Traded Risk Factors

Using the procedure detailed in Proposition 3, we construct traded risk factors from weekly
net customer flows and returns of 16 non-USD currencies. The three factors that explain
the largest share of trading-induced non-diversifiable risk are reported in Table 1. FEach
column represents a factor, and the entries are the currency weights in this factor. For
example, in Factor 1, for every $1 bought, $0.15-worth of CAD and $0.5-worth of EUR
are sold.® Because the factors are traded portfolios, they place greater weight on widely
traded currencies. Notably, seven developed economy currencies, AUD, CAD, CHF, EUR,
GBP, JPY, and USD, have consistently high weights across the top three factors; they are
highlighted in red.

Of the total trading-induced non-diversifiable risk, the top three traded risk factors in-
dividually account for 65%, 16%, and 9%, respectively. Jointly, these three factors explain
approximately 90% of the risk banks absorb when accommodating customer trading flows.

The traded risk factors are stable over time. Appendix Table A2 shows that the returns

8To facilitate comparison, we have scaled such that Factor 1 has a weight of 1 for USD, Factor 2 has all
positive weights sum to 1 and all negative weights sum to -1, and Factor 3 has a weight of -1 for JPY. Note
that the portfolio weight of USD is the negative sum of the weights of all other currencies.
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Table 1: Top Three Traded Risk Factors

Currency Factor 1 Factor 2 Factor 3
AUD -0.08 0.14 -0.08
CAD -0.15 0.56 -0.87
CHF -0.03 -0.07 -0.02
DKK -0.01 -0.00 0.02
EUR -0.50 -0.43 1.16
GBP -0.11 0.18 0.09
HKD 0.00 -0.01 0.02
ILS 0.00 -0.00 0.00
JPY -0.07 -0.49 -1.00
KRW -0.01 0.01 -0.01
MXN -0.01 0.02 -0.03
NOK -0.01 0.02 -0.01
NZD -0.01 0.02 -0.01
SEK -0.01 0.01 -0.01
SGD -0.01 0.00 0.02
ZAR -0.01 0.01 -0.01
USD 1.00 0.03 0.74
Var explained 65% 16% 9%

Notes: This table presents the portfolio weights of the top three traded risk factors, constructed following
the procedure in Proposition 3. The return and customer flow data for 16 non-USD currencies are weekly
from September 2012 to December 2023. The portfolio weight of USD is computed as the negative sum of the
weights of all other currencies. The final row reports the share of total trading-induced non-diversifiable risk
explained by each factor.

and flows of factors recovered from the full sample are highly correlated with those recovered
from the pre-2020 or the post-2020 subsamples: the correlations are near 1 for the first factor

and exceed 0.8 for the other two.

4.2 Interpretation of Traded Risk Factors

To interpret the estimated traded risk factors, we compare them with simple portfolios that
capture familiar sources of FX risk. Factor 1 in Table 1 assigns negative weights to all non-

USD currencies, resembling the Dollar portfolio that shorts non-USD currencies and goes long
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USD. As Proposition 4 proves, factors constructed from our procedure are invariant to the
choice of numeraire. The Dollar’s emergence as the first factor is therefore not mechanical,
but reflects its economic role as the world’s reserve currency. We construct an interpretive
Dollar portfolio that goes long USD and shorts the six most traded currencies, AUD, CAD,
CHF, EUR, GBP, and JPY, in equal weights.

Factor 2 has positive weights on high-interest-rate currencies, such as AUD, CAD, and
GBP, and negative weights on low-interest-rate currencies, such as JPY, CHF, and EUR.
This pattern is consistent with the Carry portfolio that exploits violations of uncovered
interest-rate parity. We construct an interpretive Carry portfolio that goes long AUD, CAD,
and GBP, and shorts CHF, EUR, and JPY, all in equal weights. Factor 3 features a large
positive weight on EUR and a large negative weight on JPY, motivating an interpretive
EUR-JPY portfolio that goes long EUR and shorts JPY. This factor may capture large
bilateral trading flows between the euro area and Japan. Such flows are not reflected in
either the Dollar or the Carry factors, because those factors trade EUR and JPY in the
same direction.

These simple interpretive portfolios are economically meaningful but may be correlated.
To compare them with the estimated traded risk factors, we apply the same orthogonalization
procedure described in Proposition 3. In particular, this procedure transforms the EUR-JPY
pair into a Euro-Yen Residual factor that is uncorrelated with the Dollar and Carry factors.
Empirically, for every dollar traded in the EUR-JPY pair, 13% of the risk is attributed to
the Dollar factor, 25% to the Carry factor, and 62% to the Euro-Yen Residual factor.

The data support this interpretation. Table 2 shows that the returns and flows of the
estimated traded risk factors are highly correlated with those of the corresponding interpre-
tive portfolios. The correlations are close to one for both returns and flows across all three
factors. Together, the three interpretive portfolios explain about 86% of trading-induced
non-diversifiable risk, close to the 90% explained by the estimated traded risk factors. This
close alignment supports our interpretation of the estimated factors. In the remainder of
the paper, we use the estimated traded risk factors from Table 1 and refer to them as the

Dollar, Carry, and Euro-Yen Residual factors.
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Table 2: Estimated Traded Risk Factors and Interpretive Portfolios

Factor 1 Factor 2 Factor 3
Return correlation 0.98 0.95 0.92
Flow correlation 1.00 0.99 0.95
Risk explained by
interpretive portfolios 63% 15% 8%

Notes: This table compares the estimated traded risk factors in Table 1 with orthogonalized interpretive

portfolios constructed from the Dollar, Carry, and EUR-JPY portfolios described in the text. The
Return correlation and Flow correlation rows report the correlations between the estimated factors
and the corresponding interpretive portfolios. The final row reports the share of total trading-induced
non-diversifiable risk explained by each interpretive portfolio.

4.3 Factor Flows and Returns

Having interpreted the three traded risk factors, we next examine their cumulative flows
and returns over time. Figure 1 plots cumulative customer flows into the Dollar, Carry, and
Euro-Yen Residual factors in Panel (a), and the corresponding cumulative returns in Panel
(b).

Panel (a) shows that customers purchased approximately $1 trillion of the Dollar factor
from banks during our sample period, primarily after the 2020 COVID crisis. This provision
of USD by banks likely reflects USD deposits or wholesale funding made available by dealer-
affiliated banks (Du and Huber, 2024). For the Carry factor, customer flows were relatively
small in the first part of the sample but turned negative after 2022, indicating customer sales
of the Carry factor to banks. As a result, banks accumulated approximately $0.8 trillion in
Carry exposure by the end of the sample. Finally, customers sold the Euro-Yen Residual
factor before the 2020 COVID crisis and then partially reversed these positions afterward,
leaving banks with a net positive position in the Euro-Yen Residual factor over the sample.
Because JPY has a negative weight in all three traded risk factors, unwinding JPY positions
should not be interpreted mechanically as a change in Carry exposure without analyzing
the full factor portfolio. Panel (b) shows that all three traded risk factors have positive

cumulative returns over the sample period.
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Figure 1: Cumulative Flows and Returns of Traded Risk Factors
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factor from banks during this period.

4.4 Comparison with PCA on Returns or Flows Alone

The traded risk factors use the joint structure of customer flows and currency returns. To

show why both are needed, we compare them with factors obtained from standard PCA

applied separately to returns and flows.
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Table 3: Principal Components from FX Returns or Flows Alone

Currency Return PCA Flow PCA

PC1 PC 2 PC 3 PC1 PC 2 PC 3
AUD -0.08 0.04 0.27 0.03 0.03 -0.12
CAD -0.05 0.05 0.32 0.04 1.00 0.06
CHF -0.05 -0.21 -0.51 0.01 -0.02 0.06
DKK -0.06 -0.15 -0.12 0.00 -0.00 -0.01
EUR -0.06 -0.15 -0.13 1.00 -0.03 -0.03
GBP -0.07 -0.08 0.47 0.02 -0.01 -0.26
HKD -0.00 0.00 0.00 0.00 -0.02 0.00
ILS -0.04 -0.03 0.24 0.00 -0.01 0.00
JPY -0.03 -0.17 -1.00 0.04 -0.06 0.95
KRW -0.06 0.02 -0.15 0.00 0.01 0.00
MXN -0.08 0.22 0.71 0.01 0.01 0.00
NOK -0.10 -0.05 0.72 -0.00 0.01 -0.01
NZD -0.08 0.01 0.13 0.01 0.01 -0.01
SEK -0.08 -0.13 0.22 -0.01 0.00 -0.00
SGD -0.04 -0.03 -0.12 0.01 -0.01 -0.01
ZAR -0.11 0.29 -1.35 0.01 0.00 -0.01
USD 1.00 0.37 0.29 -1.17 -0.92 -0.62

Notes: The first three columns report portfolio weights for the first three principal components
from a return-only PCA, while the next three columns report those from a flow-only PCA. The
analysis uses weekly return and customer flow data for 16 non-USD currencies from September
2012 to December 2023. The USD portfolio weight is computed as the negative sum of the
weights of all other currencies.

The first three columns of Table 3 show the portfolio weights for the first three principal
components of a standard PCA applied to returns.” The first factor resembles a Dollar
factor, with negative weights on all non-USD currencies. The second factor has some Carry-
like features: it assigns large positive weights to high-interest-rate currencies such as ZAR
and MXN, and large negative weights to low-interest-rate currencies such as CHF, JPY,

and EUR. However, it also assigns very small positive weights to other high-interest-rate

9The eigenvectors from a return PCA represent individual currencies’ betas to the factors. We convert
these betas into portfolio weights using the pseudoinverse of the beta matrix, following the factor-mimicking
portfolio approach of Fama and MacBeth (1973).
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currencies such as AUD and NZD, and even negative weights to GBP and NOK.!" The third
factor lacks a clear economic interpretation. In contrast, our approach of jointly analyzing
flows and returns yields a significant traded risk factor that is unambiguously the Carry and
reveals an economically meaningful Euro-Yen Residual factor.

The next three columns of Table 3 report the portfolio weights for the first three principal
components of a standard PCA applied to customer flows. The resulting portfolios primarily
allocate weight to a single major currency. For instance, the first factor assigns a portfolio
weight of -1 to EUR and 0 to all other non-USD currencies, reflecting that EUR /USD is the
most actively traded pair. The second and third principal components correspond to the
CAD/USD and JPY/USD pairs, respectively. This outcome occurs because the flow PCA
identifies portfolios based solely on the largest trading volumes, while overlooking the factor

structure in returns.

5 Price Sensitivity of Traded Risk Factors

In this section, we estimate the price sensitivity of traded risk factors to demand shocks. We
use sovereign debt auction announcements as instruments for factor flows and estimate how
these flows move factor returns. We then test the cross-factor restriction of our empirical
framework: a demand shock to one traded risk factor should not move the returns of the
other traded risk factors. Finally, we examine the dynamics of the price response. Reversal
over time would support a demand-pressure interpretation rather than the alternative that

the instruments capture news about fundamentals.

5.1 Empirical Framework and Instruments

Following equation (14) in Section 2, we estimate the price sensitivity of each traded risk

factor to its own customer flow. For factor k, we estimate

factor factor A Afactor
ri = o+ AT AQET - €y, (17)
A factor __ factor 18
Qrt = ap +Trzy " + e (18)

0T ustig, Roussanov, and Verdelhan (2011) identify the Carry factor from the second principal component
after sorting currencies into six portfolios based on interest rate levels.
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Here, 72¢%" is the weekly return of factor k, AQP" is the corresponding customer flow, and

zfactor iy the instrument for this flow. The IV exclusion restriction is

cov(z,fjftor, Ek,t) =0, (19)

which requires the instrument to affect factor returns only through the customer flow it
induces, and to be otherwise unrelated to the factor return shock. Equation (17) also implies
that this price response can be estimated factor by factor: a flow shock to factor k£ should
affect the return of factor k, but not the returns of the other traded risk factors. We test
this cross-factor restriction directly in Section 5.3.

We instrument factor flows using sovereign debt auction announcements.!'’ Government
entities, such as the U.S. Treasury, periodically announce auctions of long-term debt obli-
gations. Foreign investors actively participate in these auctions; for instance, they directly
purchased on average 14% of U.S. Treasury notes and bonds sold at auctions between Septem-
ber 2012 and December 2023.1 When auctions are announced, foreign investors who intend
to participate may exchange currencies in advance of purchasing the bonds. Auction an-
nouncements therefore generate variation in customer FX flows into the auction currency,
making them relevant instruments for factor flows.

The exclusion restriction requires auction announcements to affect factor returns only
through the customer flows they induce. Our use of announced offered amounts is central to
this restriction. There are two potential sources of information from sovereign auctions that
could directly affect exchange rates. The first is information contained in realized investor
demand. Although the announcement makes known the amount offered at an auction, it
does not reveal how much of the issuance will ultimately be purchased by foreign investors,
nor when those investors will convert currencies. Foreign-investor participation is realized
later through actual FX trading flows and may itself reflect information, expectations, or
other shocks contained in €. For this reason, we use offered amounts rather than auc-
tion outcomes, bid-to-cover ratios, or realized foreign purchases. Offered amounts capture

predetermined variation in potential currency-conversion needs while avoiding direct use of

1We focus on auctions for securities with maturities of longer than one year, as short-term securities are
typically bought by domestic investors such as money market funds.

12This 14% excludes foreign purchases made indirectly through U.S. investment funds and dealers, so the
actual foreign participation may be higher.
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realized investor demand.

The second concern is that issuance decisions themselves may convey information. This
concern is mitigated by the institutional structure of sovereign debt issuance. Auction sched-
ules and issuance amounts are announced with substantial forward guidance. For example,
the U.S. Treasury Borrowing Advisory Committee issues two-quarter-ahead recommenda-
tions on debt issuance for upcoming auctions, and subsequent announcements rarely deviate
from these recommendations (Rigon, 2024).'3 This institutional structure makes announced
offered amounts unlikely to respond to short-term FX market conditions and contain little
new information at the time of announcement. Together, these features imply that auction
announcements are correlated with factor flows, but should affect factor returns only through
the customer flows they induce.

As the traded risk factors place weights on multiple currencies, we construct instruments
from a panel of sovereign auction announcements. For each factor, we select sovereign issuers
whose currencies are economically representative of the underlying risk factor and whose
auction schedules are announced with substantial forward guidance. U.S. Treasury auction
announcements instrument flows into the Dollar factor. Australian, Mexican, Japanese,
and Swedish sovereign debt auction announcements instrument flows into the Carry fac-
tor. Euro-area sovereign debt auction announcements, aggregating German, French, and
Italian auctions, instrument flows into the Euro-Yen Residual factor. Within each factor,
offered amounts by each sovereign are normalized by their time-series averages so that no
single sovereign mechanically dominates the instrument. We then aggregate announcements

occurring within the same week of the FX trading data.

5.2 Estimated Price Sensitivity

Table 4 reports the estimated price sensitivity of the Dollar, Carry, and Euro-Yen Residual
factors. The dependent variable is the weekly factor return, measured in basis points, and

factor flows are measured in billions of U.S. dollars. Therefore, the coefficient on factor flow

13 As another example, Germany’s Finance Agency releases an annual auction calendar each December,
specifying target amounts for each auction.

14Ty instrument for factor flows in week t, we use same-week announcements for the Dollar and Carry
factors and announcements from weeks ¢ — 1 and ¢ for the Euro-Yen Residual factor. This longer window
accounts for potential delays in auction-induced currency conversion, as Germany, France, and Italy do not
allow direct bids from foreign investors.
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Table 4: Estimated Price Sensitivity of Traded Risk Factors

OLS vV
Dollar  Carry Euro-Yen Dollar Carry FEuro-Yen

(1) (2) (3) 4 0 (6)

Factor flow 3.31**  6.23*** 13.8*** 3.71***  6.20** 23.6*
(0.301) (0.713) (2.19) (1.43) (2.54) (13.8)

1st stage F-stat 32.4 14.9 10.8

Observations 564 564 564 386 188 543

Notes: This table reports the estimation results for A%’ in equation (17) for the Dol-
lar, Carry, and Euro-Yen Residual factors. The dependent variable is the weekly factor
return, measured in basis points. Factor flows are measured in billions of U.S. dollars, so
the coefficient on factor flow is the price response, in basis points, to a $1 billion customer
flow into the factor. The IV regressions instrument factor flows using sovereign debt auc-
tion announcements. The first-stage F-statistics are heteroscedasticity and autocorrelation
consistent F-statistics. The estimation period spans September 2012 to December 2023,
excluding the first half of 2020. Newey-West standard errors are reported in parentheses,
where the bandwidth is chosen by the Newey and West (1994) selection procedure. *p <.1;
*p <.05; ¥*¥*p <.01.

directly measures the price response, in basis points, to a $1 billion customer flow into the
factor.

The estimates are positive for all three traded risk factors. In the IV specifications, a
$1 billion customer purchase raises the Dollar factor price by 3.7 basis points, the Carry
factor price by 6.2 basis points, and the Euro-Yen Residual factor price by 23.6 basis points.
Thus, the Dollar factor has the smallest price sensitivity, the Carry factor is larger, and the
Euro-Yen Residual factor is the most sensitive to customer flows. This ordering suggests
that banks absorb broad Dollar risk more easily than more specialized risks, such as the
Euro-Yen Residual factor, which require larger price adjustments.

The OLS estimates are also positive and statistically significant. For the Dollar and Carry
factors, the OLS and IV estimates are similar. For the Euro-Yen Residual factor, the IV
estimate is larger but less precisely estimated. One interpretation is that OLS may understate

price sensitivity when customer flows are negatively correlated with non-flow return shocks.
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For example, if customers tend to buy after adverse valuation shocks or sell after favorable
valuation shocks, observed flows partly offset non-flow price movements, attenuating the
OLS coefficient. Hence, we use the IV estimates as our main measure of price sensitivity.
The first-stage heteroskedasticity and autocorrelation consistent F-statistics are 32.4, 14.9,
and 10.8 for the Dollar, Carry, and Euro-Yen Residual factors, respectively, indicating that
the auction-announcement instruments are relevant for all three factors.

To compare FX price sensitivities with those in other asset classes, we translate the
Dollar-factor estimate into an implied demand elasticity, defined as the demand shock mea-
sured as a percentage of estimated bank dollar positions divided by the induced price re-
sponse. An and Huber (2026) estimate that banks hold approximately $566 billion of net
USD exposure through FX forwards. Using turnover shares to infer the relative size of spot
and forward positions implies total bank dollar positions of approximately $1.85 trillion.'®
A $1 billion demand shock therefore corresponds to 5.4 basis points of estimated bank dollar
positions. Since the estimated Dollar-factor price response is 3.7 basis points, the implied
demand elasticity is 5.4/3.7 = 1.46. This elasticity places Dollar FX between aggregate
U.S. equities and U.S. Treasuries: it is substantially larger than the elasticity of about 0.2
implied by the aggregate U.S. equity market estimate of Gabaix and Koijen (2021), but
smaller than the aggregate Treasury-market elasticity of about 3.2 implied by Jansen, Li,
and Schmid (2024).1® One interpretation is that demand imbalances in both Dollar FX and
U.S. Treasuries are absorbed largely by large, diversified financial institutions with substan-
tial risk-management capacity, allowing these markets to accommodate demand imbalances

more readily than the aggregate equity market.

5.3 Cross-Factor Tests

The empirical framework in Section 2 implies that a customer flow shock to one traded risk
factor should move that factor’s own return, but not the returns of the other traded risk

factors. This restriction is empirically testable. We estimate the unrestricted cross-factor IV

15 According to the BIS Triennial Survey, the average turnover of FX forward to spot is about 0.44 over
our sample period; see also Appendix Figure Al.

16Gabaix and Koijen (2021) estimate that a 1% demand shock to the aggregate U.S. equity market raises
prices by about 5%, implying a demand elasticity of 1/5 = 0.2. Jansen, Li, and Schmid (2024) estimate
an aggregate Treasury-market price multiplier of 0.31. Because the price multiplier is the inverse of market
demand, this implies an aggregate Treasury-market elasticity of 1/0.31 = 3.2.
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Table 5: Tests of Cross-Factor Price Responses

Tests F-statistics p-value
AM2=M3=0 0.65 0.53
A1 = A3 =0 0.35 0.70
A1 =32 =0 0.12 0.88
)\172 - )\173 - )\271 — )\2,3 - )\371 - )\372 — O 046 083

Notes: This table reports tests of cross-factor coefficients from the unrestricted

IV regression in equation (20). The three traded risk factors are ordered as
Dollar, Carry, and Euro-Yen Residual. For each return equation k, the first
three rows test whether the two coeflicients )\f“tor for j # k are jointly zero.
The final row tests whether all six cross-factor coeﬂ"l(:lents are jointly zero. All
three factor flows are instrumented jointly using the union of the sovereign
auction instruments described in Section 5.1. Test statistics are computed
using Newey-West standard errors with the bandwidth selected according to
the Newey and West (1994) procedure.

regression

fact E fact f t
Tl:; or =ap + /\ac or A ac or_'_€ kit (20)

where k indexes the factor return and j indexes the factor flow. The own-factor coefficients,
)\f“tor, correspond to the price sensitivities estimated in equation (17). The cross-factor
coefficients, )\f‘%t"r for j # k, capture whether flows into one traded risk factor also move the
returns of other factors. The restriction implied by our empirical framework is that these
cross-factor coefficients are zero.

Table 5 shows that we do not reject the restriction that cross-factor price responses are
zero. In the factor-by-factor tests, the p-values are 0.53, 0.70, and 0.88 for the Dollar, Carry,
and Euro-Yen Residual return equations, respectively. The joint test of all six cross-factor
restrictions also fails to reject, with a p-value of 0.83. These results support the empirical
framework in Section 2 and justify estimating price sensitivities factor by factor in equation

(17).
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Figure 2: Reversal of Price Responses
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Notes: This figure plots the cumulative price responses )\fz‘;for from equation (21) for the Dollar, Carry, and
Euro-Yen Residual factors. The point at week —1 is normalized to zero. Week 0 is the contemporaneous
response, and weeks 1 through 5 show the cumulative response over subsequent weeks. Responses are
measured in basis points per $1 billion of instrumented customer flow. The shaded area represents the
95% confidence interval based on Newey-West standard errors with the bandwidth selected according to the
Newey and West (1994) procedure.

5.4 Reversal of Price Responses

The dynamics of prices provide a further test of the interpretation of the IV estimates.
Customer flow shocks can move prices because banks absorb risk, but these price effects
should be temporary. By contrast, if the instruments captured news about fundamentals,
the induced price response would be persistent.

To examine the dynamics of the price response, for each factor & and horizon h, we

estimate

h
factor __ factor A Afactor
> IR = g+ ARTAQR + e - (21)
=0

The instruments are the same as in the main IV specification in Table 4. The coefficient
)\fjfgtor captures the contemporaneous price response, while )\Eﬁfor captures the cumulative
price response from the event week through week h.

Figure 2 shows that the price responses are short-lived. All three factors exhibit pos-

itive contemporaneous responses, consistent with the estimates in Table 4. Over the fol-
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lowing weeks, the cumulative responses move back toward zero and become statistically
indistinguishable from zero. This reversal is hard to reconcile with the instruments captur-
ing permanent news about factor valuations. Instead, it supports the interpretation that
auction-induced customer flows create temporary price pressure that is absorbed by banks.

Appendix C quantifies the implications of this reversal for factor return variation. Tem-
porary price pressure from customer flows accounts for a sizable share of very short-horizon
factor return variation, roughly 10-25% at one week and 5-10% at one month, but fades
quickly at longer horizons. Thus, customer-flow price pressure is economically important at

short horizons, even though its effect is temporary.

6 Demand Propagation Through Traded Risk Factors

In this section, we map the factor-level price sensitivities estimated above back to indi-
vidual currencies. This delivers a cross-currency price-sensitivity matrix that shows which
currencies move when customers buy a given currency, and by how much. We then use
pre-announced FX interventions by the Central Bank of Brazil as an external validation of

the model-implied propagation patterns.

6.1 Demand Propagation Across Currencies

For factor-level price sensitivities to generate cross-currency propagation, individual curren-
cies must be exposed to the traded risk factors. Figure 3 shows that they are. We regress
currency-level returns on the returns of the Dollar, Carry, and Euro-Yen Residual factors
in the time series and plot the marginal R? attributed to each factor. These marginal R?
values are additive because the factor returns are orthogonal by construction. The positive
and negative signs in the figure indicate the direction of each currency’s beta loading on each
factor. Together, the three traded risk factors explain between 53% and 99% of the return
variation of the six major non-USD currencies.

The decomposition in Figure 3 provides a bridge from factor-level price sensitivity to
currency-level propagation. A customer purchase of one currency changes the factor risks
that banks absorb. For example, the three traded risk factors explain 74% of AUD return
variation, with the largest component coming from the Dollar factor and smaller components

from the Carry and Euro-Yen Residual factors. The signs in the figure show the direction
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Figure 3: Decomposition of Currency Returns Explained by Traded Risk Factors
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Notes: This figure plots the R? of regressing currency-level returns on the returns of the Dollar, Carry, and
Euro-Yen Residual factors in the time series. It plots the marginal R? values attributed to each factor and
labels the total R?. The positive and negative signs illustrate the direction of the beta loadings.

of these exposures: in factor terms, a customer purchase of AUD corresponds to selling the
Dollar and Euro-Yen Residual factors while buying the Carry factor; banks take the opposite
side. This same factor repricing also moves other currencies. CAD has the same signs as
AUD on all three factors, so CAD rises when the Dollar and Euro-Yen Residual factor prices
fall and when the Carry factor price rises.

We quantify this propagation using Proposition 5 and report the cross-currency price
sensitivities in Table 6. For clarity, we arrange the six major currencies, AUD, CAD, GBP,
CHF, EUR, and JPY, in the upper-left block, followed by the other ten currencies in the
sample. Each entry shows the price response in one currency, in basis points, to a $1 billion
customer purchase of another currency, holding customer flows in all other currencies fixed.
For instance, the AUD-CAD entry of 6.2 means that a $1 billion customer purchase of CAD
raises the price of AUD by 6.2 basis points, and symmetrically, a $1 billion customer purchase
of AUD raises the price of CAD by 6.2 basis points. The largest estimated cross-currency
price sensitivity is 8.7 basis points, between NOK and ZAR.

Table 6 reveals rich patterns of cross-currency propagation. Most cross-currency price
sensitivities are positive because all currencies load on the Dollar factor in the same direc-

tion, and the Dollar factor is the dominant traded risk factor. However, the magnitude of
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propagation varies substantially across currency pairs. Currencies on the long leg of the
Carry factor, such as AUD, CAD, and GBP, tend to have larger cross-currency price sen-
sitivities with each other than with currencies on the short leg, such as CHF, EUR, and
JPY. For example, AUD and CAD have a cross-currency price sensitivity of 6.2 basis points,
while CAD and CHF have a cross-currency price sensitivity of only 0.7 basis points, and
GBP and JPY have a cross-currency price sensitivity of only 0.2 basis points. These smaller
price sensitivities reflect offsetting exposures to the Carry factor, which makes one currency
a partial hedge for the other.

The Euro-Yen Residual factor further shows that the same pair of currencies can be
substitutes along one risk and complements along another. EUR and JPY are both low-
interest-rate currencies and therefore have similar exposure to the Carry factor. But they lie
on opposite sides of the Euro-Yen Residual factor. As a result, their overall cross-currency
price sensitivity is only 1.3 basis points, indicating that EUR and JPY are not close substi-
tutes once all traded risk exposures are taken into account.

The table also shows that currencies with small weights in the traded factor portfolios
can still have meaningful exposure to the non-diversifiable risks represented by these factors.
Take MXN as an example. Its exposure to the traded risk factors implies strong propagation
to other high-interest-rate currencies: the cross-currency price sensitivity is 6.0 basis points
with AUD, 5.1 basis points with CAD, 6.2 basis points with NOK, 5.3 basis points with NZD,
and 6.7 basis points with ZAR. Thus, even currencies that do not receive large portfolio
weights in the factor construction can be strongly affected by shocks transmitted through
common traded risks.

Finally, the estimated cross-currency price sensitivities provide a useful sanity check
through HKD, a currency pegged to USD within a narrow band. We do not use this pegged
status in the estimation, but the estimated cross-currency price sensitivities involving HKD
are close to zero throughout Table 6. This minimal propagation is exactly what one would
expect for a pegged currency: its own customer demand shocks have negligible risk impli-
cations for other currencies, and its exchange rate against USD is largely insulated from

demand shocks to other currencies.
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6.2 Validation Through FX Intervention

The cross-currency price sensitivities in Table 6 are model-implied objects based on the
decomposition into traded risk factors. We externally validate the predictions using FX
interventions by the Central Bank of Brazil (BCB).

BCB spot interventions provide a useful setting for three reasons. First, we can re-
strict to interventions that are announced in advance, so information associated with the
intervention decision is largely revealed before the transaction takes place. This makes the
subsequent intervention closer to a realized demand shock. Second, the Brazilian real (BRL)
is not among the currencies used to construct the traded risk factors or estimate their price
sensitivities, making the exercise out of sample. Third, the BCB intervention records are
publicly available. Over our sample period, there are six pre-announced spot interventions.
Consistent with the IV estimation, we exclude the three interventions during the COVID
period, leaving us with three test dates.

For each intervention date d, we use the estimated cross-currency price sensitivity A, grr,
to construct the model-predicted propagation from BRL to each sample currency n. Specif-
ically, predicted propagation equals the signed intervention amount multiplied by A\, grr.
We then regress realized currency returns around the intervention on this predicted propa-
gation. The unit of observation is a currency-intervention date, and all specifications include
intervention-date fixed effects to absorb common market movements and facilitate a cross-
sectional test.

Table 7 shows that realized exchange-rate movements line up with model-predicted prop-
agation. The coefficient on predicted propagation is positive and statistically significant for
both the one-day and one-week return windows. Thus, currencies with larger predicted ex-
posure to a BRL demand shock move more in the predicted direction. We interpret this
exercise as a cross-sectional validation of the propagation pattern rather than a one-for-
one calibration test, since intervention amounts may proxy for broader latent BRL demand

pressure and event-window returns may contain other currency-specific shocks.

7 Conclusion

This paper quantifies how demand shocks propagate across exchange rates in an intercon-

nected FX market. Using 11 years of customer-bank FX trading flows across 17 currencies,
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Table 7: FX Intervention and Model-Predicted Propagation

One-day return  One-week return

(1) (2)

Predicted propagation 7.92F** 14.90**
(2.23) (5.34)

Date FE Yes Yes

Observations 48 48

Notes: This table regresses realized exchange-rate returns around non-
COVID pre-announced BCB spot interventions on model-predicted prop-
agation. The unit of observation is a currency-intervention date. Pre-
dicted propagation is the signed intervention amount, measured in bil-
lions of U.S. dollars, multiplied by the estimated cross-currency price
sensitivity A, prr. Column (1) uses the one-day return from the close
of the day before the intervention to the close of the intervention day.
Column (2) uses the one-week return, defined as the return from two
business days before to two business days after the intervention. Both
specifications include intervention-date fixed effects. Standard errors are
clustered by currency. *p <.1; **p <.05; ***p <.01.

we show that cross-currency propagation can be understood through a small number of
traded risk factors. Rather than estimating hundreds of bilateral spillovers directly, we de-
compose propagation into factor-level repricing and currency-specific risk exposures. The key
innovation is to identify traded risk factors from the joint dynamics of prices and quantities
and to construct them so that they plausibly exhibit no cross-factor price spillovers.

To estimate factor-level price sensitivities, we introduce sovereign debt auction announce-
ments as instruments for demand shocks. We find that FX markets are highly elastic and
that different traded risk factors exhibit markedly different price sensitivities. Combining
these estimates with currencies’ factor exposures yields a complete cross-currency propa-
gation matrix. The resulting spillovers are economically large: a $1 billion demand shock
to one currency can move other exchange rates by up to 9 basis points. We further show
that the model’s predicted spillovers align closely with realized responses to out-of-sample

interventions by the Central Bank of Brazil.
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More broadly, our framework links trading quantities and asset prices through common
risks (Froot and Ramadorai, 2008; Koijen and Yogo, 2019). As financial markets become
increasingly integrated, understanding how common risks transmit demand shocks across
assets is essential for measuring market resilience, anticipating spillovers, and evaluating

policy interventions.
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A Derivations and Proofs

This appendix collects the derivations and proofs omitted from the main text.

A.1 Derivation of the Currency-Level Equilibrium System

We derive the currency-level system in (1) and (2). The U.S. dollar is the numeraire. Let
P, ; denote the time-t spot price of currency n, measured in U.S. dollars per unit of foreign
currency. Let Rp denote the gross one-period U.S. dollar risk-free rate, and let Ry, denote

the gross one-period risk-free rate in currency n. The excess return of currency n is

Pn,t
Pn,t—l

Tnt = RF,n - RF- <A1>
A signed position ¢, in currency n, measured in U.S. dollars at the pre-trade price P, ;_1,
corresponds to ¢,/ P, -1 units of foreign currency. If this position is acquired at the equi-
librium spot price P, ;, invested at the foreign risk-free rate Rp,, and financed at the U.S.

dollar risk-free rate Rp, its net payoff at ¢ + 1 is

Pn t+1 Pn t )
g | Ren—5— —R ’ ) A2

( F Pn,tfl FPn,tfl ( )
Using (A1), define the payoff to one dollar of signed position in currency n, expressed as a

function of the contemporaneous excess return 7,4, by

Pn,t+1 . RF

Jt+1 7 n,t Fn
I n,t—1 lEF,n

(Tn,t + RF) (AS)

This is equivalent to the payoff expression in (A2).

Banks and customers choose currency positions by solving

{—AQn,t}ff:l = arg mé%vx E,

qn fp=1

N
upg (WB,tJrl + Z ann,tH(Tn,t))] ; (A4)

n=1

and

{AQu i}, = arg{m%vx E,
q

Nin=1

N
Uc (WC,t—i—l + Z ann,t—i-l (rn,t))] . (A5)
n=1
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The wealth processes Wg 41 and We 41 may be risky and may differ between banks and
customers, capturing pre-existing currency positions, hedging needs, and other exposures.
The utility functions up and ue may also differ. We assume only that they are twice
continuously differentiable, strictly increasing, and strictly concave.

We prove the bank-side representation (1). The customer-side representation (1) is anal-

ogous. For a bank position q = (qi, ..., qn), define bank terminal wealth by

N
Y2t = Waa + > Gl (). (AG)

m=1

The bank first-order condition for currency n is

Foiq,r) =E, [u}; (thl(q, rt)) Hn,tﬂ(rn’t)] =0. (AT)
The no-flow valuation rf? = (rf,,...,r¥,) is defined by imposing this first-order condition
at q = 0. At this point,
Yi1(0,1) = Wpy. (A8)
Therefore,
Foi(0,v7) = By [up(Wp 1)1 ()] = 0. (A9)

Substituting (A3) into (A9) gives the bank-side no-flow valuation equation:

P, R
E, [UIB(WB,tH) (RF,n AU

Moreover, define the bank payoff residual at the no-flow valuation by
Xftﬂ = Hn7t+1(r§t). (A11)
We now apply the implicit function theorem to the system

Fi(q,r;) =0, (A12)

where Fy, = (Fi4,...,Fy,)". Forn, 0 € {1,..., N}, the derivative of F},;, with respect to 7,
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is
8Fn @YB
L= By [ (VB )L, o () + g (VE)

) 8Hn,t+l(rn,t)
87’(7,5

(A13)

8?"“ 87"“
Since o
Y%y Rp
i o S — Al4
Oryy o ( Rpy)’ (Al4)
this term vanishes at the no-flow point q = 0. Also,
a1_[n t+1 (rn t) RF
o 0 = 1 = g . A15
8r£,t RF,n {n } ( )
Evaluating (A13) at (q,r;) = (0,rP) gives
0F, R
5 * = — B iy (Whe)]1{n = £}. (A16)
Tet (0,rB) RF,n

Because uz > 0, the Jacobian of F; with respect to r; is diagonal with nonzero diagonal
entries, hence invertible.
Next, for n,m € {1,..., N},

oF, [3) Pt
Dt = B (2 % L ()| (A17)
and oy
ﬁ = Hm’t+1<7ﬂm’t). (A].S)
Evaluating at (q,r;) = (0,r5) gives
oF,
g . . =E [u/l/%(WB,t+1)XT€t+1X£,t+J ' (A19)
m 1(0,ry)

By the implicit function theorem, there exists a differentiable local function r,(q) satis-

fying F;(q,r;(q)) = 0, with derivative

a’l"mt

_ Rpn Ky [“%(WRHI)X%HXTE,HJ
O |

A20
- Re B[ty (Wpnr)] (420
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The bank position is the negative of customer flow, so ¢,, = —AQ,, ;. Hence

0Ty o RpnlEy [_U%(WBJH)X%HXEMH] — )\ (A21)
OAQm AQ:=0 RpE, [usg(WB,t+1>] . e
Therefore, the first-order Taylor expansion of r,,; around AQ, = 0 is
N
Pt =70+ Y AnmiAQume + o[ AQy])). (A22)

m=1

The derivation delivers a state-dependent local sensitivity A, ;. In the main text and
empirical analysis, we impose the time-invariant approximation A, ,,: = A, interpreted
as the average local price sensitivity over the sample. Dropping the higher-order term then
gives
_ B
Tn,t - rn,t + )\n,nAQn,t + Z )\n,mAQm,ta (AZS)
m#n

which proves the bank-side equation used in the main text.

Repeating the same argument for the customer problem and imposing 60, ,,+ = 0, gives

Pog =751 = OnnAQui = D OnmAQu . (A24)

m#n

The sign differs because AQ),; is measured from the customer side: customers’ position is
+AQy+, while banks” induced position is —AQ),, ;.

A.2 Proof of Proposition 1

Suppress the time subscript. Let r,r? r® AQ denote the vectors of equilibrium returns,
bank-side valuation shocks, customer-side valuation shocks, and customer flows. Let A and
© denote the slope matrices in (1) and (2).

Define the normalized variables and coeflicients

B c

~ n ~B n ~C n
T i= , T = , Ty = , (A25)

RF,n RF,n RF,n

42



and
Y >\n,m a . en,m

)\n,m = ) en,m = .
RF,n RF,n

(A26)

The definition of A, ,+ in (A21), together with the time-invariant approximation A, ,,; =
An,m, implies that the matrix with entries Xnm is symmetric; the analogous customer-side
expression implies that the matrix with entries gnm is symmetric. Since Rp, > 0, this row
normalization does not affect zero restrictions: A\, ,, = 0 if and only if Xnm = 0, and similarly
for 0,, .

In normalized units, the local system is
F=t"+AAQ, TFT=7"-06AQ. (A27)

The covariance restrictions in (4) and (5) are unchanged by the positive row normalization in

(A25). Hence, in normalized units, var(r?), var(t®), cov(t?, AQ), cov(r®, AQ), cov(T?,T),
and cov(TY,T) are diagonal.
Define
D := cov(t?, AQ), A = cov(TY, AQ), 3o = var(AQ), (A28)

and write the diagonal entries of D and A as d,, and a,,. Let

G:=A+0. (A29)

For the nondegenerate directions we keep in the model, G and ¥ are nonsingular.
From the bank-side equation in (A27),

cov(¥?,T) = var(¥?) + DA. (A30)
The left-hand side and var(t?) are diagonal, so DA is diagonal. Therefore, for n # m,

Ao Arm = 0. (A31)
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Similarly, from the customer-side equation in (A27),
cov(F9,T) = var(t°) — A®. (A32)
The left-hand side and var(r®) are diagonal, so A© is diagonal. Therefore, for n # m,
anOpm = 0. (A33)
Combining the two equations in (A27) gives
¥ -8 = GAQ. (A34)
Taking covariance with AQ yields
A-D=Gx,. (A35)
Since G and X are nonsingular, A —D is nonsingular. Since A —D is diagonal, this implies
ap, —dy, #0 for every n. (A36)
Now use ¢ = % + GAQ. Since G is symmetric,
var(t¥) = var(t?) + DG + GD + GX(G. (A37)

Using (A35), the last term is GG = (A — D)G. Since var(r?) and var(t) are diagonal,
the (n,m) off-diagonal entry of (A37) gives, for n # m,

(an + dm).gn,m = O, Inm = )\n,m + en,m- (A38)

Fix n # m. Suppose, toward contradiction, that Xnm % 0. Since A is symmetric,
Xm,n # 0. By (A31), d, = 0 and d,, = 0. If 5nm £ 0, symmetry of © and (A33) imply
a, = 0 and a,, = 0, contradicting (A36). Hence gnm = 0. Then g¢,,,m, = Xnm # 0, so (A38)
implies a,, + d,, = 0. Since d,, = 0, this gives a,, = 0, contradicting a,, — d,, # 0 because

d,, = 0. Therefore Xnm =0.
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Now suppose, toward contradiction, that 5n’m # 0. Since O is symmetric, 5,,1’” # 0. By

(A33), a, = 0 and a,, = 0. We already proved Xnm =0, S0 gpm = gnm # 0. Equation

(A38) implies a,, + d,,, = 0. Since a,, = 0, this gives d,, = 0, contradicting a,, — d,,, # 0.

Hence 5n7m = 0.

Thus Xnm = 0 and gnm = 0 for all n # m. Since Rp,, > 0, the original coefficients also

satisty A\, =0 and 6, ,, = 0 for all n # m.

A.3 Proof of Proposition 2

Suppress the time subscript. By Proposition 1, the system is diagonal:
T =15+ X\ AQ,, T = r,f — 0,AQ,.

Let g, := A\, + 6, and assume g,, # 0. Combining the two equations gives

c B B c

T, — T, Onr)) + Ay,

AQ, = , Ty = ———o
gn 9n

First suppose

cov(r?,rBy=0 and cov(r¢,r%) = 0.

Using (A40) and Structural Orthogonality,

0=cov(r?, AQ,,) = cov(rP, rG) —cov(rl,rh)
. " 9m ’

Since cov(rZ,rB) = 0, this implies

cov(r?,r¢) = 0.

n)»'m

Similarl
" o cov(rS,r¢) — cov(r¢, rB)
0 = cov(r,, AQn) = Lo nome
Im
S0
cov(r,rB) = 0.
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Then

~cov(rS,rS) — cov(rS, rB) — cov(rE, r8) + cov(rf, rE)

cov(AQn, AQy,) = n:lm n Y notml . (A46)

Finally, using r, = rf + \MAQ,,

cov (T, Tm) = cov(rZ rB) 4+ N, cov(rZ AQ. )+ cov(AQy, 75) 4+ XA cov(AQ,, AQ,,) = 0.

(A4T)
The first term is zero by (A41), the middle terms are zero by Structural Orthogonality,
and the last term is zero by (A46). Hence no common valuation shocks imply no common
equilibrium return-flow variation.

Conversely, suppose
cov(ry, ) =0 and  cov(AQ,, AQ,) = 0. (A48)
From r2 = r, — \,AQ,, and Structural Orthogonality,

0 =cov(r?, AQ,,) = cov(rn, AQm) — An cov(AQ,, AQ,,). (A49)

Since cov(AQ,, AQ,,) = 0, this implies

COV(Tm AC?m) =0. (A50)
Interchanging n and m gives
cov(AQy, ) = 0. (A51)
Therefore,
COV(va Tﬁ) = COV(TN - )\TLAQTH T'm — /\mAQm) =0. (A52)
Similarly, from ¢ = r, + 0,AQ,,
cov(rd, r5) = cov(ry + 0, AQn, T + 0 AQy) = 0. (A53)

Thus no common equilibrium return-flow variation implies no common valuation shocks.

Combining the two directions proves the result.
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A.4 Proof of Proposition 3

Let vy = (r14,...,7n) " and AQ; = (AQ14, ..., AQn,) . Write
3, = var(ry), 3o = var(AQy). (A54)
Let L = rank(3,). Take the spectral decomposition
¥, =VDV', (A55)

where V is N x L with V'V =1, and D is L x L, diagonal, and positive definite. Now
define
M := D2V T3,VvD"2 (A56)

Take the spectral decomposition of M:
MG = GII, (A5T)

where G contains the eigenvectors associated with the retained K < L eigenvalues, G'G =

Ik, and IT = diag(my,...,mg) with m > --+ > 7w > 0. Define the non-dollar currency
weights by

W := VD /2G. (A58)
For each factor k, set the U.S. dollar weight to wgj 1= — Zgzl Wy, sO that the factor is a

zero-investment long-short currency portfolio.
The factor return vector is
rictor . — Wy, (A59)

Using (Ab5) and (A58),
var(riatr) = WIS, W = G'DV2VTVDV' VD /2G = I. (A60)

Thus factor returns are uncorrelated and normalized to unit variance.

Next construct factor flows. Let 3, denote the multivariate beta of currency n’s return
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with respect to the factor returns:
B,, = var(rfor) = cov(rletor i ). (A61)
Equivalently, if B is the N x K matrix whose n-th row is [3;, then
B=X,WW'S, W) (A62)
Since WTX, W = I, this gives
B=X,W=VDV'VD 2G = VD'?G. (A63)
The factor flow vector is the beta-weighted currency flow,
AQftr .= BTAQ, = G'D?VTAQ,. (A64)

Therefore,

var(AQPtr) = GTDY*VTE,VDY2G = II. (A65)

Since II is diagonal, factor flows are uncorrelated.
Equations (A60) and (A65) prove (11) and (12). Moreover, under the normalization

Var(r,fjfgtor) = 1, the amount of trading-induced non-diversifiable risk captured by factor & is

var(ris'") var(AQY ) = my.

Ordering eigenvalues 7y from largest to smallest therefore orders factors by (13). If a factor
is rescaled, its return is rescaled and its beta-aggregated flow is rescaled inversely, so the
product in (13) is unchanged.

Finally, uniqueness follows from the spectral decomposition of M. When eigenvalues are
distinct, the eigenvectors are unique up to sign; factor normalization is arbitrary; and when
eigenvalues are repeated, any orthogonal rotation within the repeated-eigenvalue eigenspace

yields an equivalent set of factors.
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A.5 Proof of Proposition 4

It is enough to consider a change of numeraire from the U.S. dollar to currency N; any other
numeraire is obtained by relabeling currencies. Let AQ and ¥ denote the currency-flow
and return vectors under currency N as the numeraire. If AQ, is the flow from USD into

currency n, then the same trades expressed relative to currency N satisfy
AQ = CAQ, (A66)
where
C:=]|: e I (A67T)

0 0 -~ 1 0
~1 -1 - -1 -1

The corresponding returns transform as

r=C'r. (A68)
The matrix C satisfies

CC =1y. (A69)

This reflects the fact that changing the numeraire from USD to currency N, and then
changing back, returns the original coordinates.
Let
var(r) = VDV’ (A70)

be the spectral decomposition of the original return covariance matrix, where V'V = I,
and D is positive diagonal. Let
var(¥) = VDV'T (AT71)

be the corresponding decomposition under the new numeraire. Since ¥ = C'r,

var(f) = C' var(r)C = C'VDV'C. (A72)
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Hence there exists an L x L orthogonal matrix O, with OTO = I, such that
C'VD'? = VD'?0. (AT73)
Under the original numeraire, the factor construction diagonalizes
M := D2V T var(AQ)VD'?, (AT74)

so that
MG = GII. (A75)

Under the new numeraire, the analogous matrix is
M = D2V var(AQ)VD2. (AT6)
Using (A66), (A69), and (AT73),
M = OD'2V " var(AQ)VDY?0" = OMO". (AT7)

Therefore, if MG = GII, then

M(OG) = OMG = (OG)IL (A78)

Thus we can take

G=0G, II=IL (AT9)

The eigenvalues, and hence the ordering by trading-induced risk, are unchanged.
It remains to show that the constructed factor returns and flows are the same. Under

the original numeraire, the factor-weight matrix is
W = VD /2G. (A80)

Under the new numeraire, it is

W = VD /2G. (A81)

Working with demeaned returns, which is what enters the covariance construction, write
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r = Vf for some L-dimensional random vector f. From (A73),
D /2vTCc'V = 0D /2, (A82)
Therefore,
Wi=G'D'?VIC'r=G'O'D*VICTVF=G'D '’ =W'r. (AS83)

Thus the factor returns are identical under either numeraire.

The same is true for factor flows. Under the original numeraire,
AQfactor _ GTDl/szAQ. (A84)

Under the new numeraire, using G = OG, AQ = CAQ, and D/2VT = ODY2VTC, we

obtain

AQP — GTDY2VTAQ = GTOTODY2VTCCAQ = GTDY2VTAQ = AQFetor,
(A85)
Equations (A83) and (A85) show that changing the numeraire leaves the constructed
factor returns and factor flows unchanged. Since IT = II, the trading-induced risk shares are
also unchanged. The only remaining indeterminacies are the usual sign and normalization

choices, and rotations within eigenspaces associated with repeated eigenvalues.

A.6 Proof of Proposition 5

Suppress the time subscript. Let B denote the N x K matrix of currency factor exposures,

with entry (n, k) equal to 5, . Let
Afactor — diag(/\iam:tm7 o ’/\%ctor)'

By the beta aggregation of flows in (10), a currency-level customer-flow perturbation

dAQ induces factor-level customer flow

dAQ™r = BTJAQ. (AS6)
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In the traded-risk-factor basis, the bank-side system (14) is diagonal, so holding factor-level

bank valuation shocks fixed,
drfactor — AfactordAQfactor'

(AST)

No-arbitrage maps factor repricing back to currency returns through the same factor expo-

sures:
dr = B drfactor

Combining (A86), (A87), and (A88) gives
dr = BA™"BTdAQ.
By (1), the currency-level bank-side price sensitivity matrix satisfies
dr = A“VdAQ,
holding bank-side valuation shocks fixed. Therefore,
Ay — BAfactorgT

Taking the (n,m) entry yields

K
factor
)\n,m: E ﬁn,k)\k Bm,k-
k=1

Equivalently,

K

factor factor K
)\ _ 8AQ1€ ark arn o )\factorﬁ
n,m — - 5m,k k n,k-
k=1 k=1

INQ,, OAQactor Gplactor

This proves (16).
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B FX Derivatives and Spot-Equivalent Customer Flows

Foreign exchange trades can be executed in the spot market and in the derivatives market of
forwards and swaps. Trading in FX derivatives creates spot-equivalent currency exposure for
banks. Consider a customer-initiated trade in which the customer sells $100 worth of JPY
one-month forward against USD. In the absence of other trades, a bank that maintains a net
neutral FX position and serves as the counterparty to this trade must satisfy the obligation
to deliver $100 in one month by setting aside $100/(1 + 7%,,) today, where r%,; is the one-
month USD risk-free rate. Similarly, the bank will sell 100/(1 + 1Y) of JPY today to fund
its USD purchase and to ensure FX neutrality when it receives the promised delivery from
the customer. From the bank’s perspective, a forward contract is therefore economically
similar to a spot transaction, except that the implied spot exposure is slightly smaller than
the notional amount because of discounting.

Because our main analysis measures the total customer FX flow absorbed by banks, we
include trading flows in both the spot and non-spot derivatives markets.!” In this appendix,
we show that FX derivatives trading is both economically large and distinct from spot
trading, making its inclusion important for measuring customer demand and banks’ risk
absorption.

We first examine gross trading activities. The Bank for International Settlements (BIS)
has conducted the Triennial Central Bank Survey of Foreign Exchange and Over-the-Counter
Derivatives since 2002. These data show that, globally, FX forward and swap activity in-
volving USD is nearly twice as large as spot activity; see also Appendix Figure A1l. The
sheer size of derivative markets implies that excluding forwards and swaps would omit a
substantial portion of customer FX demand.

Next, we examine spot-equivalent flows from FX derivatives using the CLS data. Specifi-
cally, we estimate the spot-equivalent customer flows implied by FX derivative transactions,
net these flows within each currency-day, and compare the resulting flows with direct spot-
market flows. Appendix Table Al reports the correlation between net spot flows and net
spot-equivalent derivative flows for the six major currencies in our sample. Correlations

range from -0.62 to 0.17, indicating that derivative trading contains substantial variation

ITWe treat swaps as a spot transaction plus a forward contract. As discussed in Section 3.1, our results
are effectively unchanged if swaps are excluded.
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Figure Al: FX Daily Turnover Against USD
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Notes: This figure plots the global daily volume of foreign exchange spot, forward, and FX swap transactions
involving USD. Daily volume is calculated as the average of all trading days in April of the survey year. The
survey is conducted triennially from 2001 to 2022 by the BIS.

Table Al: Currency-Specific Correlation between Net Trading Flow in Spot vs.
Non-Spot Derivatives

AUD CAD CHF EUR GBP JPY
-0.48 0.17 -0.54 -0.39 -0.62 -0.35

Notes: This table reports the correlation between net flows into individual cur-
rencies in the spot market and in the non-spot derivatives market.

not captured by spot transactions alone. Consequently, restricting attention to spot-market

flows would provide an incomplete measure of customer demand and bank’s risk exposure

in FX markets.
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C Implications of Reversal in Demand-Induced Price Response

This appendix quantifies how much of each factor’s return variance can be attributed to the
temporary price response of customer flows.

We start with the variance contribution. Customer flows may contain both information
and demand components. The IV estimate A*°t°T isolates the demand-induced price response
of factor k. Figure 2 shows that this response reverts over roughly one month. We use this
reversion pattern to compute, across horizons, the share of factor return variance attributable
to the temporary price response of customer flows.

Let 0g denote the annualized volatility of customer flows into factor k, measured in
billions of U.S. dollars, and let o, denote the annualized volatility of factor returns. During
an infinitesimal interval dt, the flow shock has standard deviation o V/dt. Since Afetor
measures the price response to one unit of flow, the contemporaneous price change generated
by this flow shock has standard deviation A" g 1/dt.

We approximate the price response as decaying linearly to zero within one month, 7 =
1/12 years. Thus, a flow shock arriving at time ¢ still affects the price at terminal date T" by
the factor max{0,1 — (7" —t)/7}. Under this approximation, the share of cumulative return

variance over horizon T attributable to the temporary price response of flows is

fOT (maX{O, 1—(T - t)/T})\fkaCtorUQk)Q dt.

A94
With 7 = 1/12, this expression simplifies to
1—-12T +48T% 0<T < L
()\fcactor)Qo.é . - + ) < = Ev
— (A95)
oL 1 1
: — T>—.
36T 12

Figure A2 shows that for the three factors, flows explain roughly 10-25% of return vari-

ance at the 1-week horizon, 5-10% at one month, and rapidly less at longer horizons.

D Additional Tables
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Figure A2: Factor Flow Contribution to Return Variance
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Notes: This figure displays the share of factor return variance attributable to the temporary price response
of customer flows, computed using equation (A95). The calculation assumes that the contemporaneous price
response of a flow shock decays linearly to zero within one month.

Table A2: Correlation Between Traded Risk Factors in Full Sample vs.

Subsamples
Factor 1 Factor 2 Factor 3
Return Pre 2020 0.97 0.83 0.83
Post 2020 1.00 0.97 0.89
Flow Pre 2020 0.98 0.82 0.81
Post 2020 0.99 0.96 0.81

Notes: In this table, we report the correlation between returns and flows of the traded risk
factors constructed based on the full sample versus returns and flows of the traded risk factors
constructed based on different subsamples. Pre-2020 refers to the sample period from September
2012 to December 2019, while post-2020 refers to the sample period from January 2020 to
December 2023.
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