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1 Introduction

In their seminal papers Lustig and Verdelhan (2007) and Lustig et al. (2011) show that

the currency carry trade (CAR) is profitable and as a factor it explains average returns of

currency portfolios sorted on exchange rate forward discounts.1 Guided by these empirical

facts a large literature of theoretical models has emerged to explain the economic relationship

between forward discounts and expected carry trade returns. But subsequent empirical

research finds that there exist various currency portfolios with average returns that cannot

be explained by the CAR factor. We investigate whether we need additional pricing factors

(such as momentum, value, illiquidity, skewness, downside risk or factors containing other

information) to price a broad set of assets in FX markets. If the answer is yes, then this

has important implications for future research because we need to explain the economic

origin of these factors (using theoretical models or an empirical analysis to link them to

fundamentals).

We show that the covariance matrix of exchange rate growths and forward discounts

have important information for pricing. We combine the N(N+1)
2

covariances and N forward

discounts of N exchange rates into a single factor, which we denote as the covariance and

spread (or forward discount) adjusted carry factor (CSCAR). We show that the CSCAR as

a single pricing factor explains the cross-section of average returns of a broad set of assets in

FX markets. First, we find that the CSCAR is priced in the cross-section and has a large and

significant risk premium. Second, the implied risk premium is not statistically significantly

different from the average return of the CSCAR (which is an important validation test for

a traded factor). Third, there is no evidence of mispricing and abnormal returns of all test

assets are not jointly significantly different from zero both in the cross-sectional and time-

series pricing equations. Fourth, the model fit (R2) of the cross-sectional pricing equation is

large. Finally, we document that the conditional covariance matrix and forward discounts

1The (1-month) forward discount of the exchange rate of currency i against the USD is the difference in
the logarithms of the current spot and (1-month) forward exchange rates. If the covered interest rate parity
holds, this is equal to the difference in (1-month) interest rates in currency i and the US-dollar (USD). See
Section 2 for details.
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are time-varying and forecast future realized currency returns.

Carry factors which do not use all the information of the covariance matrix and for-

ward discounts do not price assets adequately. That is, (i) a spread adjusted carry which

ignores the information of the covariance matrix, (ii) a covariance adjusted carry which does

not properly account for the size of forward discounts, or (iii) a volatility managed carry

factor (in the spirit of Moreira and Muir (forthcoming)) which ignores the information of

the correlation matrix do not explain the cross-section of average returns. Popular single

and multi-factor models which incorporate the CAR, (dynamic-)dollar, momentum, value,

illiquidity, skewness, downside risk and intermediary asset pricing factors do not span the

CSCAR factor and are rejected in our tests. We conclude that accounting for both the

covariance matrix (i.e., variances and correlations of exchange rate growths) and forward

discounts is important for pricing, and well-known factors in the literature do not capture

this pricing information.

We document that the conditional covariance matrix of exchange rate growths and for-

ward discounts vary through time, and the CSCAR dynamically adjusts its risk exposure

(measured by its notional value or leverage) in response to this variation. Properly account-

ing for this time-series variation is important in asset pricing tests. We construct a variant

of the CSCAR which keeps its risk exposure constant through time, and show that this

variant is rejected in our tests.

Finally, if the conditional covariance matrix and forward discounts are important deter-

minants of conditional expected returns (i.e., pricing) and if they vary through time, then FX

market returns should be predictable. We verify this hypothesis and show that the notional

value, leverage and turnover of the CSCAR (which capture changes in the conditional co-

variance matrix of exchange rate growths and forward discounts) forecast FX market returns,

volatility and illiquidity 1 to 18 months ahead.

The CSCAR is the return of the portfolio with weights θCSCARt = Ω−1
t fdt, where the

ith element θCSCARi,t is the portfolio weight placed on the position in currency i against the

USD, Ωt is the conditional covariance matrix of exchange rate growths and fdt a vector
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of forward discounts at time t (see details in Section 2). If the forward discount fdi,t is

a proxy for the conditional expected excess return of the position in currency i against

the USD, then the CSCAR is the return of a mean-variance efficient currency portfolio or

the inverse of the minimum-variance stochastic discount factor in FX markets. While this

interpretation of the CSCAR is appealing, our empirical tests and results do not rely on the

assumption that forward discounts are proxies for conditional expected excess returns or the

assumption that investors only care about the first two moments of the return distribution.

We do not take a stance on the underlying model. We provide new empirical evidence

that the covariance matrix of exchange rate growths and forward discounts have important

information for pricing assets in FX markets.

Our findings have important implications for theoretical models and empirical research.

Many theoretical models focus on forward discounts and do not analyze the implications of

variances and correlations of exchange rate growths. Our findings suggest that the exchange

rate growth variances and correlations contain important information for pricing and should

be relevant in economic models. We also document that there is a substantial time-series

variation in the conditional covariance matrix of exchange rate growths and forward dis-

counts, and it is critical to account for this variation to price assets. It is important that

future empirical research investigates the underlying economic fundamentals that drive this

time-series variation.

Our covariance and spread adjustments are related to the mean-variance optimizations

of Baz et al. (2001), Della Corte et al. (2009), Ackermann et al. (2016), Daniel et al. (2017)

and Maurer et al. (2018). These papers focus on the profitability of trading strategies

and document that mean-variance optimized portfolios in FX markets generate large out-

of-sample returns. In contrast, our paper studies the ability to price the cross-section of

average returns in FX markets. Our paper is also related to the empirical literature which

analyzes various pricing factors in FX markets: carry factor (Lustig and Verdelhan, 2007;

Lustig et al., 2011), global volatility factor (Menkhoff et al., 2012a; Christiansen et al.,

2011), momentum factor (Burnside et al., 2011; Menkhoff et al., 2012b), global currency
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skewness factor (Rafferty, 2012), FX correlation risk factor (Mueller et al., 2017), dollar

factor (Verdelhan, 2018; Lustig et al., 2014), downside beta risk factor (Dobrynskaya, 2014;

Lettau et al., 2014; Galsband and Nitschka, 2013), FX liquidity risk factor (Mancini et al.,

2013), economic size factor (Hassan, 2013), economic momentum (Dahlquist and Hasseltoft,

2016), surplus-consumption risk factor (Riddiough and Sarno, 2018). We show that the

covariance matrix and forward discounts contain important information for pricing which is

not captured by popular factors in the literature.

Our paper is organized as follows. Section 2 describes the data. Section 3 describes

the CSCAR, several variants of the CSCAR and other pricing factors. Section 4 presents

our results and shows that all tested model specifications except the CSCAR single factor

model are rejected by the data. Section 5 concludes. Appendix A describes the sequentially

efficient GMM estimation of our models. Appendices B and C provide all tables and figures.

Appendix D provides details about the data.

2 Carry Trade Returns and Data

We denote spot and 1-month forward exchange rates as USD per unit of currency i at time

t by Xi,t and Fi,t. Following the literature, we define the 1-month realized bilateral carry

trade return between currency i and the USD (denominated in USD) by CTi,t+1 = ln
(
Xi,t+1

Fi,t

)
.

This is the return of an uncovered long position in the forward exchange rate contract of

currency i against the USD. We can decompose this into the forward discount fdi,t = ln
(
Xi,t
Fi,t

)
(known at time t) and the exchange rate growth ∆xi,t+1 = ln

(
Xi,t+1

Xi,t

)
(realized at time t+1),

CTi,t+1 = fdi,t + ∆xi,t+1.2

We build currency portfolios for our test assets and traded factors as follows. Let θi,t be

2Under the premise of the covered interest rate parity (CIP), i.e., the forward discount is equal to the

interest rate differential fdi,t = ln
Ä

Ri,t

RUS,t

ä
where RUS,t and Ri,t are 1-month risk-free interest rates in the

USD and currency i, the carry trade return is equivalent to borrow 1
RUS,t

USD and lend 1
RUS,tXi,t

units

of currency i. We do not require the CIP to hold for the construction of our factors and test assets. We
implement all carry trade returns using forward and spot exchange rates and do not need information about
interest rates.
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the portfolio weight at time t on the bilateral carry trade CTi,t+1, i.e., ‖θi,t‖ indicates the

dollar amount per USD of wealth invested in a long (if θi,t > 0) or short (if θi,t < 0) position

in the uncovered forward exchange rate contract in currency i against the USD. θt is an N×1

column vector containing θi,t for all currencies i, where N denotes the number of exchange

rates against the USD in our sample. Note that due to data availability the number of

currencies N changes through time; to keep the notation simple, we drop the time subscript

for N . Since bilateral carry trade returns are net-zero investments (i.e., excess returns), the

portfolio weights do not need to sum up to 1. We define
∑
i ‖θi,t‖ as portfolio θt’s notional

value or total dollar exposure per dollar of wealth, and
∑
i θi,t as the leverage or net-dollar

position in all risky carry trades per dollar of wealth. Large (small) notional value and

leverage indicate that the strategy is aggressive (conservative) and has a large (small) risk

exposure. The realized excess return (over the risk-free rate in USD) of the portfolio is∑
i θi,tCTi,t+1.

We collect daily spot and 1-month forward exchange rates from Barclays Bank Interna-

tional and Reuters via Datastream. We use quotes of the last day of the month to compute

monthly returns CTi,t+1. A concern with currencies of emerging countries is that there are

capital controls and major trading frictions. Menkhoff et al. (2012b) and Della Corte et al.

(2016) suggest to exclude countries with a negative score on the capital account openness

index of Chinn and Ito (2006). Following this literature, we include 29 countries in our anal-

ysis. We follow Lustig et al. (2011) and split our sample into 15 developed and 14 emerging

countries. The 15 developed countries are: Australia, Belgium, Canada, Denmark, Euro

Area, France, Germany, Italy, Japan, Netherlands, New Zealand, Norway, Sweden, Switzer-

land, United Kingdom. The 14 emerging countries are: Brazil, Czech Republic, Greece,

Hungary, Iceland, Ireland, Mexico, Poland, Portugal, Singapore, South Africa, South Korea,

Spain, Taiwan. The Euro was introduced in January 1999 and we exclude all countries which

have joined the Euro after that and only keep the Euro as a currency.

For all 29 countries exchange rates are defined against the USD for the sample starting on

October 11th, 1983 and ending on March 2nd, 2016. We are able to extend our sample back

5



to January 2nd, 1976 for the following subset of 14 countries with exchange rates quoted

against the GBP (Great British Pound): Austria, Canada, France, Germany, Ireland, Italy,

Japan, Netherland, Norway, Portugal, Spain, Sweden, Switzerland, USA. We convert all

data to exchange rates quoted against USD.

Besides selecting currencies according to the capital account openness index of Chinn and

Ito (2006), we apply the following filters to remove individual currency-month observations,

which are likely to be subject to major trading frictions, market segmentation or feature a

substantial default risk in the short term sovereign bond market. All filters use information

known ex-ante and there is no bias introduced by these filters. First, we exclude a currency

in month t if the absolute value of the annualized forward discount 12 × |fdi,t| is larger

than 20%. Forward discounts of more than 20% are rare and we believe that such large

values likely indicate the presence of severe trading frictions, sizable sovereign default risk

or an extraordinary large currency devaluation. Second, we remove a currency in month t

if the relative bid-ask spread of either the forward or spot exchange rate (i.e., the monthly

trading cost) is larger than 1%. These filters remove only 1.9% (0.6%) of currency-month

observations in our sample of 29 (15 developed) countries between January 1976 and March

2016. Our results are robust to various choices of these threshold values.

3 Pricing Factors

We first describe the well-known high minus low forward discount carry trade factor of

Lustig et al. (2011). Then, we introduce two simple adjustments to take into account the

size of forward discounts and the covariation between exchange rates. We show that these

adjustments are important to enhance the carry factor and enable it to fully capture the

cross-section of average returns of a broad set of currency portfolios. We further introduce

and test several additional factors which are contenders.
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3.1 The Covariance and Spread Adjusted Carry (CSCAR)

CAR: Lustig et al. (2011) introduce an equally weighted carry factor (CAR). On the last

day of every month t, we sort currencies according to the current forward discount fdi,t, and

for each quintile k ∈ {1, . . . , 5} we construct an equally weighted portfolio fdPk of bilateral

carry trades CTi,t+1 for all currencies i in quintile k. The CAR factor takes a long position

in the high forward discount portfolio fdP5 and a short position in the low forward discount

portfolio fdP1.

The CAR is well-known to explain the cross-section of average returns of forward discount

sorted portfolios. However, does not capture the cross-sectional variation of average returns

of other currency portfolios. To address this shortcoming we enhance the carry factor by

taking into account the size and time variation in the forward discounts and the covariation

of exchange rates. That is, we construct a Covariance and Spread adjusted Carry factor

(CSCAR).

SCAR: We define the spread adjusted carry factor (SCAR) as the realized portfolio

excess return
∑
i θ

SCAR
i,t CTi,t+1 with

θSCARt = fdt,

where fdt is a column vector containing the forward discounts fdi,t for all N exchange rates

i. The spread adjustment has implications on the portfolio composition at time t and on

the time variation in the notional value
∑
i ‖θSCARi,t ‖ of the SCAR. In contrast to the CAR

which ranks currencies according to the forward discount and equally weights top and bottom

ranked currencies, the weights are more fine tuned in the SCAR and a currency with a large

(small) forward discount receives a proportionally large (small) weight. Moreover, forward

discounts change through time and if the sum of absolute forward discounts
∑
i ‖fdi,t‖ is large

(small), then the notional value of the SCAR is large (small). Thus, the SCAR is dynamic

and times the market based on the absolute size of the forward discounts. In contrast, CAR

has a constant notional value through time, i.e., no market timing.
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CSCAR: The CSCAR adjusts the SCAR using information (available at time t) about

the covariation between exchange rate growths. We normalize the portfolio weights of SCAR

by the conditional covariance matrix,

θCSCARt = ‹Ω−1
t θSCARt = ‹Ω−1

t fdt,

where ‹Ω−1
t is a robust version of the inverse of the conditional covariance matrix Ωt of all

exchange rate growths. Similar to the SCAR, the CSCAR is dynamic and its notional value

varies through time. However,
∑
i ‖θCSCARi,t ‖ does not only depend on the absolute size of the

forward discounts but also takes into account changes in the covariance matrix ‹Ω−1
t . Thus,

it is a covariance managed portfolio. In particular, the CSCAR invests more aggressively

in FX markets when forward discounts are large (in absolute size) and the (co)variation in

exchange rate growths is low.

The CSCAR is equivalent to a mean-variance efficient portfolio if we assume that the

forward discount fdi,t is a proxy for the conditional expected excess return of CTi,t+1. Baz

et al. (2001), Della Corte et al. (2009), Ackermann et al. (2016), Daniel et al. (2017), and

Maurer et al. (2018) analyze the performance of mean-variance efficient trading strategies

similar to the CSCAR, but none of these papers investigates the performance of a mean-

variance efficient strategy as a pricing factor. Under this interpretation, the notional value

of CSCAR is large and the factor invests aggressively when the conditional Sharpe ratio or

market price of risk is large (i.e., forward discounts are large and covariances small), and

the factor invests conservatively when the conditional Sharpe ratio is small. We revisit this

market timing property of CSCAR in Section 4.6 and show that CSCAR is able to forecast

FX market returns, volatility and illiquidity.

We use an exponentially weighted moving average (EWMA) of squared, demeaned daily

exchange rate growths over the past 6 months to estimate the monthly conditional covari-

ance matrix Ωt. Element (i, j) of Ωt is Covt (CTi,t+1, CTj,t+1) = Covt (∆xi,t+1,∆xj,t+1) =

Tt
6

∑Tt
τ=1 δ

Tt−τ(∆xd,i,τ−∆xd,i,τ)(∆xd,j,τ−∆xd,j,τ)∑Tt
τ=1 δ

Tt−τ
, where ∆xd,i,τ is the daily exchange rate growth of
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currency i against the USD on day τ in the 6 month period preceding the last day of month

t, ∆xd,i,τ = 1
Tt

∑Tt
h=1 ∆xd,i,h is the sample average of the daily exchange rate growth ∆xd,i,τ

over the past 6 months, Tt is the number of trading days within the past 6 months, and

EWMA weight δ = 0.95. The EWMA weight of 0.95 implies a half-life of an exchange

rate growth observation of 14 trading days. Our results are robust to various choices of the

window length and the EWMA weight.3

To get a robust version of the inverse of the covariance matrix we first diagonalize

Ωt = WtΛtW
′
t , where Wt is the N × N rotation matrix (whose N columns are the N × 1

eigenvectors) and Λt the N ×N diagonal matrix with the eigenvalues λi,t for i ∈ {1, . . . , N}

on its diagonal. We then remove eigenvalue λk,t (i.e., row and column k of Λt) and its corre-

sponding eigenvector (i.e., column k of Wt) if
λk,t∑N
h=1 λh,t

< 1%. We denote the new matrices

after removing K small eigenvalues and corresponding eigenvectors by the (N−K)×(N−K)

diagonal matrix ‹Λt and the N × (N −K) rotation matrix ›Wt, and define ‹Ω−1
t = ›Wt

‹Λ−1
t
›W ′
t .

This procedure reduces estimation errors in the covariance matrix and provides us with a

robust version of the inverse of the covariance matrix. Our approach is equivalent to a

principal component analysis and building a factor model with the N −K largest principal

components (where each component explains 1% or more of the common variation in ex-

change rate growths). Removing principal components which explain only a small fraction

of the exchange rate variation helps us to avoid in-sample over-fitting and near-arbitrage

opportunities, i.e., factors with an unreasonably large in-sample Sharpe ratio (Ross, 1976;

Kozak et al., forthcoming).

3.2 Other Pricing Factors

DOL, DDOL: The Dollar (DOL) is a traded factor that invests equally in all bilateral

carry trades (Lustig et al., 2011), i.e. θDOLi,t = 1
N

. The dynamic Dollar (DDOL) takes a long

(short) position in the DOL when the median forward discount across all exchange rates is

3We have tested window lengths between 3 and 12 months and EWMA weights between 0.9 and 1, and
our findings remain essentially unchanged.
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positive (negative) (Lustig et al., 2014), θDDOLt = sign(median({fdj,t}Nj=1))θDOLt .

MOM: Momentum (MOM) portfolios in FX markets are analyzed by Burnside et al. (2011)

and Menkhoff et al. (2012b). On the last day of every month t we compute for each currency

i the average monthly carry trade return over the past 12 months. We then sort currencies

according to the past performance into quintiles (the top quintile contains the winner cur-

rencies and the bottom quintile the loser currencies) and build equally weighted currency

portfolios for each quintile. We denote these five portfolios by MomPi, ∀i ∈ {1, . . . , 5}. The

MOM takes a long position in the winner currency portfolio MomP5 and a short position

in the loser currency portfolio MomP1. In our sample at time t, we only use currencies for

which we observe all returns over the past 12 months.

VAL: The value (V AL) strategy assumes that in the long run undervalued currencies with

low real exchange rates appreciate against overvalued currencies with high real exchange

rates (Bilson, 1984). On the last day of every month t we sort currencies according to their

real exchange rates against the USD into quintiles, where the top quintile contains overvalued

and the bottom quintile undervalued currencies. The real exchange rate of currency i against

USD is equal to the purchasing power parity at time t (quoted as currency i per USD of a

representative consumption bundle) multiplied by nominal exchange rate Xi,t. We construct

equally weighted currency portfolios for each quintile, denoted by V alPi ∀i ∈ {1, . . . , 5}.

The V AL takes a long position in the portfolio of undervalued currencies V alP1 and a short

position in the portfolio of overvalued currencies V alP5.

NSCAR, SCARCV : The normalized spread adjusted carry (NSCAR) is a normalized

version of the SCAR to keep the notional value constant, and thus, it has no market timing

(Daniel et al., 2017), θNSCARt =
θSCARt∑
j ‖θ

SCAR
j,t ‖ = fdt∑

j
‖fdj,t‖ . Although NSCAR has a constant

notional value, its conditional variance is still time-varying because FX market volatility is

changing through time. The SCARCV adjust the SCAR to keep the conditional volatility

constant equal to σ through time, θSCARCVt = σ
θSCARt»

(θSCARt )
′
Ω̃tθSCARt

= σ fdt√
fd′tΩ̃tfdt

and where‹Ωt = ›Wt
‹Λt
›W ′
t .
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CARVM , NSCARVM , VSCAR: We construct volatility managed versions of the CAR

and NSCAR according to Moreira and Muir (forthcoming). We compute the conditional

variance of the CAR and NSCAR denoted by σCARt and σNSCARt using daily returns of

these factors over the past month and define the volatility managed factors as θCARVMt =

θCARt

(σCARt )2
and θNSCARVMt =

θNSCARt

(σNSCARt )2
. The variance and spread adjusted carry (V SCAR) is

a more sophisticated version of a volatility managed carry factor and adjusts the SCAR

by normalizing the portfolio weight θSCARi,t by the variance of exchange rate i, θV SCARt =

D−1
t θSCARt = D−1

t fdt, where D−1
t is a diagonal matrix equal to the diagonal of ‹Ω−1

t . In

other words, the V SCAR is similar to the CSCAR but ignores (sets to zero) all correlations

between exchange rate growths. The advantage of the V SCAR is that less parameters

have to be estimated which reduces estimation errors. The disadvantage is that important

information about correlations is lost.

CECAR: The covariance adjusted equally weighted carry (CECAR) follows the CSCAR

to make a covariance adjustment but it does not fully account for the size of the forward

discounts, θCECARt = ‹Ω−1
t sign (fdt).

CSCARCR, CSCARCV , CSCARfull: The CSCARCR normalizes the CSCAR at every

point in time so that its notional value is constant through time, θCSCARCR =
θCSCARt∑
j
‖θCSCARj,t ‖ .

Ackermann et al. (2016) and Daniel et al. (2017) show that this portfolio earns a large

Sharpe ratio but they do not consider the properties of the CSCARCR as a pricing factor.

The CSCARCV adjust the CSCAR to keep the conditional volatility constant equal to σ

through time, θCSCARCVt = σ
θCSCARt»

(θCSCARt )
′
Ω̃tθCSCARt

= σ
Ω̃−1
t fdt√

fd′tΩ̃
−1
t fdt

where ‹Ωt = ›Wt
‹Λt
›W ′
t . The

CSCARfull follows the CSCAR to adjust the CAR taking into account the covariance matrix

and forward discounts. In contrast to the CSCAR, the CSCARfull uses the covariance

matrix Ωt and inverts it instead of the robust version of the inverse covariance matrix ‹Ω−1
t .

Therefore, θCSCARfull
t = Ω−1

t fdt.

VOL: Menkhoff et al. (2012a) introduce a factor that captures unexpected changes in global

FX market volatility. Global FX market volatility at the end of month t is computed as
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follows,

‡V OLt =
1

Tt ×N

Tt∑
τ=1

N∑
i=1

‖∆xd,i,τ‖,

where ∆xd,i,τ is the daily exchange rate growth of currency i against the USD on day τ in

month t, Tt is the number of trading days τ in month t. The measure uses absolute instead of

squared exchange rate growths so that outliers are less accentuated. The V OL index is the

time series of residuals after estimating an AR(1) process for the ‡V OLt, and thus, captures

unexpected changes in volatility, ‡V OLt = ρv‡V OLt−1 + V OLt. Note that the V OL is not a

traded factor. Menkhoff et al. (2012a) show that a traded portfolio that mimics the V OL is

almost identical to the CAR.

ILL: We follow Karnaukh et al. (2015) to construct a monthly systematic FX market illiquid-

ity measure flILL as the average of standardized daily relative bid-ask spreads and standard-

ized two-day Corwin and Schultz (2012) estimates within a month and across all currencies.

Our data is not identical to Karnaukh et al. (2015), i.e., there is a difference in the set of

currencies and the daily recording time of the bid-ask spreads and our data covers the sam-

ple 1976-2016 while theirs covers 1991-2016.4 However, the correlation between our measure

and theirs is 57% for the monthly data from 1991-2016. Similar to the construction of the

volatility factor V OL, we fit an AR(1) model to the flILL and use the residuals ILL as a

proxy for unexpected changes in illiquidity, flILLt = ρILLflILLt−1 + ILLt. Note that the ILL

is not a traded factor.

SKEW: Rafferty (2012) introduces a FX market skewness factor (SKEW ), which is the av-

erage skewness of exchange rates with positive minus the average skewness of exchange rates

with negative forward discounts, SKEWt = 1
N

∑
i sign(fdi,t−1)

1
Tt

∑Tt
τ (∆xd,i,τ−∆xd,i,τ)

3Ä
1
Tt

∑Tt
τ (∆xd,i,τ−∆xd,i,τ)

2
ä 3

2
,

where ∆xd,i,τ is the daily exchange rate growth of currency i against the USD on day τ

in month t, ∆xd,i,τ = 1
Tt

∑Tt
h=1 ∆xd,i,h is the sample average of the daily exchange rate growth

∆xd,i,τ in month t, and Tt is the number of trading days in month t. Note that the SKEW

4Karnaukh et al. (2015) show that relative bid-ask spreads can be sensitive to the recording time.
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is not a traded factor.

MKT, INT: Finally, we use two stock market factors: the value weighted US stock market

index (MKT ) and the traded intermediary capital risk factor (INT ) of He et al. (2016).

3.3 Importance of Market Timing

Some of the factors have proportional portfolio weight vectors at any point in time t, i.e.,

for factors H and L,
θHi,t∑
j ‖θ

H
j,t‖

=
θLi,t∑
j ‖θ

L
j,t‖

for all currencies i and points in time t. The

difference between H and L is the time-series of the notional values or in other words

the market timing, i.e., generally
∑

j
‖θHj,t‖∑

j
‖θLj,t‖

6=
∑

j
‖θHj,τ‖∑

j
‖θLj,τ‖

for t 6= τ . In particular, the CAR

and the the CARVM have proportional portfolio weights at any time t but the CAR has a

constant notional value while the CARVM decreases (increases) its notional value if volatility

increases (decreases). Similarly, the SCAR, the SCARCV , the NSCAR and the NSCARVM

have proportional portfolio weights at any time t, but the notional value of the NSCAR is

constant through time, while the SCAR, the SCARCV and the NSCARVM time the market

based on the absolute size of the current forward discounts and current volatility. Finally,

the CSCAR, the CSCARCR and the CSCARCV have proportional portfolio weights at

any time t, but the CSCARCR has a constant notional value, while the CSCAR and the

CSCARCV dynamically adjust their notional value depending on the absolute size of the

forward discounts and the covariance matrix of exchange rate growths.

Conditional at time t the excess return distributions of factors with proportional portfolio

weights are proportional, i.e., they are identical up to the multiplication by the ratio of the

notional values of the factors. However, the unconditional return distributions of these

factors are different if the time-series of the notional values are distinct. For instance, the

unconditional correlation is 0.64 for returns of the CSCAR and the CSCARCR, 0.79 for the

CSCAR and the CSCARCV , and 0.93 for the CSCARCR and the CSCARCV . Accordingly,

when we estimate and test a pricing model using general methods of moments, a factor which

times the market may fit the data better or worse than a normalized factor with a constant
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notional value. It is eventually an empirical question which time-series of the notional

value generates a factor that is able to price assets. In the following we document that the

CSCAR explains the cross-section of FX market returns, while for instance the CSCARCR

and CSCARCV are rejected in our tests.

4 Pricing Factor Model Tests

We test the ability of the CSCAR and the competing pricing factors (both single and

multi-factor models) described in 3 to price a broad cross-section of test assets. We use

the following N = 26 test assets: 5 forward discount sorted portfolios (fdPi ∀i ∈ 1, . . . , 5),

5 momentum sorted portfolios (MomPi ∀i ∈ 1, . . . , 5), 5 value sorted portfolios (V alPi

∀i ∈ 1, . . . , 5), and all traded pricing factors in section 3, i.e., the DDOL, CARVM , SCAR,

NSCAR, NSCARVM , SCARCV , V SCAR, CECAR, CSCAR, CSCARCR, CSCARCV .5

We separately implement all our tests using data of the subset of 15 developed currencies

and the full set of 29 developed and emerging currencies.

We demonstrate that the covariance and spread adjustments of the carry trade are im-

portant to price the cross-section of FX market returns. In particular, we show that the

CSCAR single factor model cannot be rejected, while other single and multi-factor models

are rejected in our tests.

4.1 Estimation: Sequentially Efficient GMM

We focus on linear factor pricing models E [Rt] = βγ, where Rt is the N × 1 vector of excess

returns at time t of N test assets, N ×K matrix β are the loadings of the N test assets on

K pricing factors (element (i, k) is test asset i’s loading on factor k), K × 1 vector γ are the

market prices of risk or risk premia of the K factors, and E[x] is the mean of variable x.

We estimate the model using the sequentially efficient general method of moments (GMM)

5We exclude the DOL, CAR, MOM , and V AL portfolios because they are spanned by the 15 fdPi,
MomPi and V alPi portfolios.
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(Cochrane, 2005; Shanken and Zhou, 2007). We denote first stage (consistent but inefficient)

estimates of parameters b by b̂, and sequentially efficient second stage estimates by ˆ̂b. We

use the following K + (2 +K)N moment conditions,

g(b) =



E [Ft − µ]

E


Ö

1

Ft

è
⊗ (Rt − α− βFt)


E
î
Rt − γ01{N×1} − βγ

ó


=

â
0{K×1}

0{(1+K)N×1}

0{N×1}

ì

to estimate the K + (1 + K)(1 + N) parameters b = [µ′, α′, vec(β)′, γ0, γ
′]′. ⊗ is the Kro-

necker product. Ft is the K × 1 vector of the K factor realizations at time t, and µ is the

corresponding K × 1 vector of expected factor realizations. N × 1 vector α = E [Rt − βFt]

are abnormal returns of the N test assets in the first set of N time-series equations. vec(β) is

an NK × 1 vector of all elements in the factor loadings matrix β. γ01{N×1} = E [Rt − βγ] is

the common mispricing across the second set of N cross-sectional pricing equations. 1{N×1}

is an N × 1 vector of 1 and 0{Z×1} is an Z × 1 vector of 0. We take into account cross- and

autocorrelations and heteroskedasticity following Newey and West (1987) when construct-

ing the covariance matrix of the parameter estimates. Details about the estimation are in

Appendix A.

4.2 Testable Restrictions and Model Assessment

We use five tests to evaluate a factor pricing model. First, to validate pricing factor k, we

check whether it is priced. We use the t-test statistic
ˆ̂γk√

V ar(ˆ̂γk)
to check whether the estimated

factor premium ˆ̂γk is statistically significantly different from 0. If ˆ̂γk is not significantly

different from 0, then factor k is not important to explain the cross-section of expected

returns in FX markets.

Second, if factor k is traded, then the pricing model implies that the factor premium has

to be equal to its expected excess return γk = µk. We use the t-test statistic
ˆ̂γk− ˆ̂µk»

V ar(ˆ̂γk− ˆ̂µk)
with
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V ar
Ä
ˆ̂γk − ˆ̂µk

ä
= V ar

Ä
ˆ̂γk
ä

+V ar
Ä
ˆ̂µk
ä
− 2Cov

Ä
ˆ̂γk, ˆ̂µk

ä
to test whether ˆ̂γk− ˆ̂µk is statistically

significantly different from 0. If it is significantly different from 0, then we reject the model.

Third, we check whether the estimated common pricing error ˆ̂γ0 in the cross-sectional pric-

ing equations is statistically significantly different from 0 using the t-test statistic
ˆ̂γ0√

V ar(ˆ̂γ0)
.

If ˆ̂γ0 is significantly different from 0, then we reject the model.

Fourth, we test whether the estimated abnormal returns ˆ̂α∗ = E[Rt]− ˆ̂γ01{N×1} − ˆ̂β ˆ̂γ in

the N cross-sectional pricing equations are jointly statistically significantly different from 0.

We use ˆ̂α∗′Cov( ˆ̂α∗)−1 ˆ̂α∗ as the test-statistic, which is χ2 distributed with N −K degrees of

freedom. A large test-statistic is a rejection of the model.

Fifth, we test whether the estimated abnormal returns ˆ̂α = E
[
Rt − ˆ̂βFt

]
in the N

time-series pricing equations are jointly statistically significantly different from 0. Our test-

statistic is T−N−K
NT

ˆ̂α′Cov( ˆ̂α)−1 ˆ̂α ∼ FN,T−N−K . A large test-statistic is a rejection of the

model. This test is only possible if all pricing factors in the model are traded because in the

time-series equations factor risk premia are estimated using average excess returns of the

factors.

Finally, we report the R2 of the N cross-sectional pricing equations. R2 provides an

indication of how well the model explains average returns in the cross-section, but it is not

a formal test to reject a model. Accordingly, we do not place much weight on this criterion.

4.3 Composition of the CSCAR

Before we present our GMM estimation and test results, we discuss the portfolio composition

of the CSCAR. Table 1 provides summary statistics of the portfolio weights θCSCARt of

the CSCAR. The CSCAR is similar to the CAR in the sense that on average it takes

long (short) positions in currencies with positive (negative) forward discounts. Indeed, the

cross-sectional correlation Corr(θCSCARi , fdi) between the average portfolio weight θCSCARi =

1
T

∑
t θ

CSCAR
i,t and the average forward discount fdi = 1

T

∑
t fdi,t is 0.94 for our data of 15

developed and 0.89 for our data of 29 developed and emerging currencies. Though, this
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correlation is large for average quantities, the portfolio weights are changing through time

and the cross-sectional correlation in month t, Corrt
Ä
θCSCARi,t , fdi,t

ä
is often much smaller.

Figure 8 shows the time-series of the correlation Corrt
Ä
θCSCARi,t , fdi,t

ä
for our data of 15

(black solid line) and 29 currencies (red dotted line). On average the correlation is only 67%

for the data of 15 and 64% for 29 currencies, and in some months it even turns negative.

Accordingly, it is not only important to sort currencies according to forward discounts when

constructing the CSCAR but the covariance matrix between exchange rate growths plays a

crucial role.

Moreover, unlike the CAR the portfolio composition of the CSCAR is far from an equally

weighted scheme and portfolio weights vary through time. The skewness of the unconditional

distribution of portfolio weights is predominantly positive (negative) for currencies with

positive (negative) average forward discounts. That is, weights take more extreme positive

(negative) values for currencies with large (small) average forward discounts.

Portfolio weights vary through time because there is a substantial time-series variation

in exchange rate forward discounts and the conditional covariance matrix. Figure 1 shows

the time-series of forward discounts fdi,t for all 29 developed and emerging currencies in our

dataset. Indeed, the variation in forward discounts is considerable. We observe that forward

discounts are converging towards zero (especially for developed currencies) and appear more

stable in more recent times.

Figures 2 and 3 show that the average FX market volatility measured by ‡V OLt (see

Section 3.2 or Menkhoff et al. (2012a)) and the average correlation between exchange rate

growths are also changing substantially through time. The average correlation is calculated

as ρt = 1
N

∑N
i=1 ρi,t in month t, where ρi,t = 1

N−1

∑
j 6=iCorrt (∆xi,t,∆xj,t) is the average

correlation of exchange rate growth i with all other exchange rate growths j, and we estimate

the conditional correlation Corrt (∆xi,t,∆xj,t) between exchange rate growths i and j in

month t using daily exchange rate growths within the month. In Figures 2 and 3 the black

solid line is constructed from our set of 15 developed currencies and the red dotted line from

29 developed and emerging currencies. While forward discounts and the average correlation
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vary through time we do not observe a particular relationship to NBER recession periods

(indicated by grey shaded areas in the Figures). In stark contrast, FX market volatility

spikes during the financial crisis in 2007-2008.

Finally, Figure 4 shows the percentage of eigenvalues (and corresponding eigenvectors),

that we retain after we diagonalize the covariance matrix Ωt and construct the robust version

of the inverted covariance matrix ‹Ω−1
t . We observe again a strong variation through time.

There is a negative correlation of -0.4 for our data of 15 currencies and -0.5 for 29 currencies

between the percentage of eigenvalues retained and the average correlation between exchange

rate growths. This finding is intuitive: we need few (many) PCs to explain the common

variation in exchange rate growths if the average correlation is far from (close to) zero.

The portfolio weights of the CSCAR are functions of the forward discounts and the

covariance matrix. Thus, the notional value
∑
i ‖θCSCARi,t ‖, leverage

∑
i θ

CSCAR
i,t and turnover∑

i ‖θi,t−θi,t−1‖ of the CSCAR vary significantly through time. Figures 5, 6 and 7 illustrate

the variation of the three time-series for our set of 15 (black solid line) and 29 currencies (red

dotted line). These time-series illustrate the market timing of the CSCAR, i.e., it increases

(reduces) its risk exposure and trades more aggressively (conservatively) when the absolute

size of the forward discounts is large (small) and covariances are small (large). We observe

that all three measures generally approach zero in more recent times, which is mostly driven

by the narrowing in forward discount spreads.

4.4 The CSCAR as a Single Pricing Factor

We first test the CSCAR single factor pricing model. This is the main result of our paper.

Table 2 summarizes our five tests to evaluate the model when we use data from 15 developed

(Panel A) and 29 developed and emerging currencies (Panel B). For each dataset we estimate

the model using six different sets of test assets and report the results in separate columns. The

first column with the heading “5 fdP” uses only the five forward discount sorted portfolios

as test assets. The column labeled “5 MomP” uses the 5 portfolios sorted on past carry
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trade returns, “5 ValP” uses the 5 portfolios sorted on real exchange rates, “15 Assets” uses

all 15 fdP , MomP and V alP portfolios together, “11 Assets” uses the 11 traded factors

DDOL, CARVM , SCAR, NSCAR, NSCARVM , SCARCV , V SCAR, CECAR, CSCAR,

CSCARCR, CSCARCV , and “26 Assets” uses all test assets combined to estimate and test

our model. In our discussion we emphasize the case of all 26 assets, in which the power of

the tests is the highest.

The results of our five tests are as follows. First, we estimate a sizable implied annual risk

premium ˆ̂γCSCAR for the CSCAR in the cross-section of FX market returns. For the case of

26 test assets, ˆ̂γCSCAR is 10.23% for the dataset of 15 developed currencies and 11.65% for

the set of 29 currencies. These estimates are highly statistically significant with t-statistics

of 5.6 and 4.75. Thus, the CSCAR is an important factor to price FX market returns in

the cross-section. The estimates are similar across all sets of test assets and across both the

data of 15 developed and the set of 29 currencies. Note that while the point estimates are

similar, the t-statistics are lower when there are less test assets. In some cases of only 5 test

assets the estimates are not significant although the point estimates are always larger than

10%. This is attributed to the large estimation errors and low power when we only employ

few assets.

Second, ˆ̂γCSCAR is not statistically significantly different from the historical average return

ˆ̂µCSCAR. The point estimate of ˆ̂µCSCAR is 11.27% when we use data of 15 developed currencies

and 11.64% when we use 29 currencies. Indeed, these point estimates are almost identical to

the implied premium ˆ̂γCSCAR for the set of 26 test assets. This result is important because

the CSCAR is itself a traded asset and thus has to be correctly priced. We confirm this

finding in all sets of test assets for both 15 and 29 currencies, except for the case of 11 test

assets when we use 29 currencies. In this case ˆ̂γCSCAR is 2.46% smaller than ˆ̂µCSCAR, which

is signifiant at the 10% level with a p-value of 8.98%.

Third, we do not find any common pricing error ˆ̂γ0 in the cross-sectional pricing equations.

For the case of 26 test assets, ˆ̂γ0 is 0.45% per year for 15 developed currencies and 0.24% for

29 currencies. Depending on the set of test assets and the set of currencies, the point estimate
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of ˆ̂γ0 varies between -1.17% and 2.01% per year but it is never statistically significant (at

any conventional significance level).

Fourth, for all sets of test assets for 15 developed or 29 developed and emerging currencies,

the abnormal returns ˆ̂α∗ in the cross-sectional pricing equations are not jointly statistically

significantly different from zero. The p-value of the χ2 test is always well above 10%.

Fifth, the abnormal returns ˆ̂α in the time-series pricing equations are not jointly statis-

tically significantly different from zero, independent of the set of test assets and whether we

use data of 15 developed or 29 developed and emerging currencies. The p-value of the F

test is always well above 10%. This last result is not surprising given that the errors in the

cross-sectional pricing equations are jointly not different from zero and the point estimate of

the implied risk premium of the CSCAR is almost identical to its historical average return.

Finally, the R2 of the cross-sectional pricing equations is relatively large suggesting the

CSCAR single factor model explains the cross-section of average returns well. For the case

of 26 test assets, the R2 is 58.59% for the set of 15 developed currencies and 58.69% for the

set of 29 developed and emerging currencies.

To conclude, we report strong evidence in favor of the CSCAR single factor model.

The risk premium of the CSCAR is large and significant when we estimate it in the cross-

section of FX returns. Our estimate is not qualitatively affected by the choice of the set of

test assets or whether we use data of 15 developed or 29 developed and emerging currencies.

Furthermore, we do not find any evidence to reject the CSCAR single factor model. The risk

premium estimated in the cross-section is not statistically different from the historical average

return of the CSCAR, the common pricing error in the cross-sectional pricing equations is

not significantly different from zero, and abnormal returns are neither jointly significant in

the cross-sectional pricing equations nor in the times-series equations.
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4.5 Importance of Covariance and Spread Adjustments

In Tables 3 to 6 we show that models with diverse alterations of the CSCAR single factor

model are rejected. We therefore argue that both the covariance and spread adjustments are

critical for the CSCAR to price the cross-section of FX market returns.

In every Table we present three model specifications. For each model we present results

for the cases of 15 (columns 1 to 3) and 26 test assets (columns 4 to 6) using data of 15

developed (Panel A) and 29 developed and emerging currencies (Panel B). In addition to the

five tests described in Section 4.2, in the last two rows we also report the abnormal returns

of the CSCAR as a test asset according to the model under investigation. If the abnormal

return is not statistically significantly different from zero, then the model spans the CSCAR

and contains all its relevant information for pricing. In contrast, if the abnormal return is

significant, then the CSCAR contains important risk which is not captured by the model.

We find that the abnormal return of the CSCAR is positive and significant in all models.

CAR: Columns 1 and 4 in Tables 3 report the results of the well-known DOL-CAR

two factor model. Recall that the CSCAR adjusts the CAR by taking into account the

covariance matrix and size of the forward discounts. Thus, comparing the DOL-CAR model

to the CSCAR model reveals the importance of these adjustments for pricing. Confirming

the results in the literature, Tables 3 shows that the DOL is not priced in the cross-section

and the CAR has a significant risk premium between 5.79% and 7.05% depending on the

set of test assets and the data we use for the estimation. These implied risk premia are not

significantly different from historical average returns of the factors. In the case of 15 test

assets we are not able to reject the model (ˆ̂γ0 and the abnormal returns in the cross-section

ˆ̂α∗ and time-series ˆ̂α are not statistically significantly different from zero). In contrast, when

we use 26 test assets to estimate and assess the model, we find a positive and significant

common mispricing ˆ̂γ0 of 2.41% (for the data of 15 currencies) and 2.1% (for the data of

29 currencies). Moreover, the abnormal returns both in the cross-section and time-series

equations are large and we reject the hypothesis that they are jointly equal to zero with
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p-values less than 0.1%. The R2 is between 35% and 46%, which is substantially lower

than the R2 in the CSCAR model. Finally, in the last two rows, we report the abnormal

returns of the CSCAR in the DOL-CAR model. For the data of 15 developed currencies

the abnormal return of the CSCAR is 6.53% in the cross-sectional equation and 8.67% in

the time-series equation. These values are similar, 6.52% and 8.43%, for the data of 29

developed and emerging currencies. The t-statistics are between 3.79 and 8.67. These large

abnormal returns confirm that the CSCAR is not spanned by the DOL and CAR factors.

We conclude, that the DOL-CAR model has some power to price FX market returns but

the covariance and spread adjustments are important to explain the cross-section of average

returns of a broad set of test assets.

DDOL: Columns 2 and 5 in Table 3 shows that the rejection of the DOL-DDOL model

is even stronger than the DOL-CAR model. The implied risk premium of the DDOL

strongly changes when we use 15 and 26 test assets to estimate the model. The premium is

not even significantly different from zero in the case of 26 test assets when we use data of

all 29 currencies. Moreover, the implied risk premium is quite different from the historical

average return of the DDOL. We further find that ˆ̂γ0 is positive and significant in the

case of 26 test assets, and we reject the hypothesis that the abnormal returns are jointly

equal to zero both in the cross-sectional and time-series equations whether we use data of

15 developed or 29 developed and emerging currencies. The R2 is low and always between

12% and 35%. Finally, abnormal returns of the CSCAR is between 9.04% and 11.05% and

highly statistically significant, suggesting that the DOL-DDOL does not span the CSCAR.

SCARCR: The SCARCR chooses portfolio weights proportional to the forward discounts

but keeps the notional value of the factor constant through time. Thus, a model with the

SCARCR informs us whether a spread adjustment of the CAR is enough to explain the cross-

section of average returns. Columns 3 and 6 in Table 3 report the results. The SCARCR

is priced in the cross-section and the model cannot be rejected in the case of 15 test assets.

However, in the case of 26 test assets, the model is rejected. The common mispricing ˆ̂γ0

is positive and significant and abnormal returns are not jointly equal to zero in both the
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cross-sectional and time-series equations. Though, the χ2- and F-statistics are closer to zero

than in the DOL-CAR model, which suggests that there is a slight improvement thanks

to the spread adjustment. The R2 is between 27% and 45%, which is comparable to the

DOL-CAR model. Moreover, we find again that the DOL and SCARCR do not span the

CSCAR, i.e., the abnormal returns of the CSCAR are always positive and significant.

CARVM and SCARVM : A natural question is whether we need the entire covariance

matrix to adjust the CAR or whether managing the volatility as suggested by Moreira

and Muir (forthcoming) is sufficient. We investigate the ability of the CARVM and the

SCARVM as pricing factors. Remember that these two factors only differ from the CAR

and the SCARCR because of the market timing based on the current volatility, which has

implications on the unconditional return distribution and our model tests. Columns 1, 2, 4

and 5 in Table 4 suggest that managing the volatility of the CAR or the SCARCR does not

significantly improve to the DOL-CAR model. Similar to the DOL-CAR model, the DOL-

CARVM and DOL-SCARVM models appear to explain the cross-section of average returns

in the case of 15 test assets but are rejected in the case of 26 test assets. In particular, in both

models we reject the hypothesis that the abnormal returns in the cross-sectional and time-

series equations are jointly equal to zero. However, there is an improvement with respect

to the common mispricing ˆ̂γ0. While ˆ̂γ0 is more than 2% and significant in the DOL-CAR

model, it is less than 1% and not significantly different from zero in theDOL-CARVM and the

DOL-SCARVM models. Finally, the CSCAR has again significant abnormal returns larger

than 7% in both models, which means that the CSCAR is not spanned by these factors.

We conclude that a volatility managed carry (CAR or SCAR) factor does not explain the

cross-section of FX returns and it is important to account for the entire covariance matrix.

8-Factor Model: In columns 3 and 6 in Table 4, we test whether a model that includes

the MOM and V AL factors in addition to the DOL and the above discussed CAR, CARVM ,

SCARCR and SCARVM factors can explain the cross-section of FX returns. Not surprisingly,

the model is not rejected in the case of 15 test assets. However, we still reject the 8-factor

model in the case of 26 test assets based on the fact that abnormal returns in the cross-
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sectional and time-series equations are not jointly equal to zero. Moreover, the abnormal

return of the CSCAR is positive and significant, suggesting that the 8 factors are not able to

span all the priced risk contained in the CSCAR. Thus, momentum, value and the volatility

of the carry are not sufficient to capture the information contained in the covariance and

spread adjustments of the CSCAR.

SCAR and VSCAR: Similar to the SCARCR and the SCARVM , the SCAR and the

V SCAR are spread adjusted version of the CAR. In addition to the spread adjustment, the

SCAR times the market based on the size of the forward discounts. Moreover, in addition

to the market timing of the SCAR, the V SCAR accounts for the variances of all bilateral

carry trades but ignores the correlations. Thus, the SCAR and the CSCAR only differ due

to the covariance adjustment, while the V SCAR and the CSCAR only differ due to the

correlation matrix of exchange rate growths. While we estimate significant risk premia for

the SCAR and the V SCAR, we still reject both models. Columns 1,2,4 and 5 in Table 5

report the results. For the SCAR model abnormal returns in the cross-sectional and time-

series equations are jointly different from zero for the case of 15 and 26 test assets. For the

V SCAR model we find a rejection in the case of 26 test assets. For the data of 15 currencies

we cannot reject the hypothesis that the abnormal returns are jointly equal to zero in the

time-series equations in the V SCAR model. However, we find a marginal rejection with a

p-value of 7% of the hypothesis that the abnormal returns are jointly equal to zero in the

cross-sectional equations in the V SCAR model. For the data of 29 currencies, we reject

the V SCAR model based on both tests of abnormal returns in the cross-sectional and time-

series equations with a p-values of 1% and 2%. For both the SCAR and V SCAR model

abnormal returns of the CSCAR are sizable and significant. We conclude that the covariance

adjustment is key to explain the cross-section of returns. Moreover, the correlation structure

between exchange rate growths is important and accounting only for exchange rate growth

variances is not sufficient.

CECAR: In contrast to the above analysis where we confirm that the covariance ad-

justment is important, we further investigate the importance of the spread adjustment. The
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CECAR accounts for the covariance matrix in the same way as the CSCAR but does not

account for the size of the forward discounts. Columns 3 and 6 in Table 5 report the results.

The CECAR factor is compensated with a significant risk premium in the cross-section,

though the size of the premium substantially varies with the set of test assets, and doubles

in the case of 15 assets. The model cannot be rejected in the case of 15 test assets. In the

case of 26 test assets the abnormal returns in the cross-sectional and time-series equations

are jointly different from zero and we reject the model. Moreover, the abnormal returns of

the CSCAR are significant and thus the CECAR fails to capture all risks contained in the

CSCAR. We conclude that fully accounting for the forward discount is important and the

covariance adjustment itself is not sufficient.

CSCARCR and CSCARCV : To investigate the importance of the CSCAR’s mar-

ket timing (i.e., the time variation in the notional value), we test the CSCARCR and the

CSCARCV as pricing factors. Recall that the portfolio compositions of the CSCARCR, the

CSCARCV and the CSCAR are identical up to the notional value. The CSCARCR is con-

structed to keep the notional value and the CSCARCV the conditional volatility constant

through time. Note that the constant notional value does not imply a constant conditional

volatility because the volatility in FX markets is heteroskedastic. The time variation in

the notional value affects the unconditional distribution of returns and has important im-

plications for our model tests. It is not clear ex-ante and eventually an empirical question

whether the market timing of the CSCAR or the CSCARCV or no market timing as in the

CSCARCR is desired for pricing assets. Columns 1,2,4 and 5 in Table 6 report the results.

The CSCARCR and the CSCARCV are both compensated by large and significant risk pre-

mia. Neither of the two models can be rejected in the case of 15 test assets, but we reject both

models in the case of 26 test assets. In the case of 26 assets, the single CSCARCR model has

a significant common mispricing ˆ̂γ0, the implied risk premium is significantly smaller than the

historical average return of the CSCARCR, and abnormal returns in the cross-sectional and

time-series equations are jointly significantly different from zero. For the single CSCARCV

model we do not find any common mispricing and the implied risk premium is not far from
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the historical average return. However, the model is still rejected because abnormal returns

in the cross-sectional and time-series equations are jointly significantly different from zero.

Moreover, in both models the abnormal returns of the CSCAR are significant, suggesting

that the CSCAR carries important information that is not spanned by the CSCARCR and

CSCARCV factors.

CSCARfull: To construct the CSCAR, we diagonalize the covariance matrix Ωt and

remove small eigenvalues and corresponding eigenvectors to obtain a robust version of the

inverse of the covariance matrix ‹Ω−1
t (see details in Section 3.1). This approach helps to

mitigate estimation errors in the covariance matrix and avoid near-arbitrage opportunities.6

The CSCARfull uses the “full” covariance matrix Ωt, i.e., it does not remove the small

eigenvalues. Therefore, comparing the CSCARfull to the CSCAR informs us whether the

diagonalization and removing small eigenvalues is relevant. Columns 3 and 6 in Table 6 report

the results. Similar to the CSCAR, the CSCARfull is priced in the cross-section of returns

and has a large and significant risk premium. The implied risk premium is somewhat larger

than the historical average return of the CSCARfull but the difference is only significant

in the case of 15 test assets and for the data of 15 developed currencies. The common

mispricing ˆ̂γ0 is not significant in the case of 15 test assets but it is positive and significant

in the case of 26 test assets. Moreover, we reject the CSCARfull model because the abnormal

returns in the cross-sectional and time-series equations are jointly significantly different from

zero. Finally, we find that the CSCAR has a positive and significant abnormal return, and

thus, the CSCARfull does not capture all the information contained in the CSCAR. We

conclude that diagonalizing the covariance matrix Ωt and removing small eigenvalues and

corresponding eigenvectors to construct a robust version of the inverse of the covariance

matrix, i.e. ‹Ω−1
t , is critical for the CSCAR to correctly price the cross-section of FX market

returns.

6There exist other methods to obtain robust estimates of the covariance matrix. For instance, the shrink-
age estimator of Ledoit and Wolf (2003) is an alternative approach. We find that our approach to diagonalize
the covariance matrix and remove small eigenvalues and eigenvectors yields more desirable results. Results
using shrinkage estimator are available on request.
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To conclude, we confirm that both the covariance and forward discount adjustments are

important for the CSCAR to price the cross-section of FX market returns. This finding is

important for future empirical and theoretical research. First, it is important for empirical

research to analyze the structure of the covariance matrix and relate patterns in the exchange

rate growth covariation to economic fundamentals. Second, many theoretical models focus

on forward discounts and do not investigate the pricing implications of exchange rate growth

variances and correlations. Our results show that it is important to analyze the economic

mechanism that relates the covariance matrix to expected returns in FX markets.

4.6 Predictability of FX Market Returns

The conditional covariance matrix (variances and the correlation structure of exchange rate

growths) and forward discounts are both critical to correctly price the cross-section of FX

market returns. Since forward discounts and the conditional covariance matrix vary through

time (see Section 4.3), the CSCAR dynamically adjusts its notional value and leverage in

response to these changes. This is essentially market timing and we demonstrate above

that it is an integral feature for the CSCAR to succeed in our model tests.7 To provide

additional support, next, we provide evidence that the CSCAR is able to predict future

returns, volatility and illiquidity in FX markets. The intuition is that if the conditional

covariance matrix and forward discounts are important determinants of conditional expected

returns (i.e., pricing) and if they vary through time, then FX market returns should be

predictable. We further show that global FX market volatility does not predict returns,

which emphasizes the importance of the information contained in the correlation matrix and

forward discounts and the difference between the CSCAR and a volatility managed carry

factor in the spirit of Della Corte et al. (2009), Daniel et al. (2017) and Moreira and Muir

(forthcoming).

For N currencies (plus the USD as the base), we have N×(N−1)
2

elements in the covariance

7That is, factors which are proportional to the CSCAR at time t but differ in their market timing are
rejected in our tests, while the CSCAR single factor model cannot be rejected.

27



matrix and N forward discounts. It is not practical to keep track of so many state variables.

However, the portfolio weights of the CSCAR are functions of the covariance matrix and

forward discounts. Thus, the CSCAR summarizes the information of these state variables

in terms of its portfolio holdings, and the variables we are particularly interested in are the

CSCAR’s notional value
∑
i ‖θCSCARi,t ‖, its leverage

∑
i θ

CSCAR
i,t and its turnover

∑
i ‖θi,t −

θi,t−1‖. Intuitively, a large (small) notional value indicates that absolute values of forward

discounts are large (small) relative to the covariance matrix. Moreover, if the CSCAR

is the optimal investment strategy, then the leverage summarizes the ”attractiveness” of

risky assets relative to the risk-free asset. Finally, the turnover summarizes how much the

covariance matrix and forward discounts (and thus portfolio weights of the CSCAR) change

from month to month. Therefore, changes in the notional value, leverage and turnover

characterize changes in the conditional covariance matrix and forward discounts. We use

these three measures to capture the variation of the original state variables. As we have seen

in Section 4.3 Figures 5, 6 and 7 illustrate a substantial variation of the three time-series for

our set of 15 (black solid line) and 29 currencies (red dotted line).

Our hypothesis is that the covariance matrix and forward discounts are important state

variables and conditional expected returns depend on these state variables. Since we ob-

serve a substantial time-series variation in these variables, then conditional expected FX

market returns and volatility should vary through time and returns and volatility should be

predictable. As a preview, we find strong evidence that FX market returns, volatility and

illiquidity are predictable.

We run predictive regressions,

Yt,t+h = cconst + ctrendt+
∑
j

cjxj,t + εt,

where the dependent variable Yt,t+h = 1
h

∑h
τ=1 Yt+τ is the average realization of Y over the

subsequent h months after month t, t captures any time trend, xj,t is the realization of

predictor j in month t, εt is white noise, and cconst, ctrend and cj are the regression coefficients.
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Our first three predictors are the notional value, leverage and turnover of the CSCAR.

We further investigate the predictive power of the sign of the median forward discount

x4,t = sign (median {fdi,t}). This measure is identical to the conditioning variable used to

construct the DDOL, i.e., if the median forward discount is positive (negative) the DDOL

takes a long (short) position in the DOL. Additionally, we use global FX market volatility

x5,t = ‡V OLt and global FX market illiquidity x6,t = ILLt as predictors. The dependent

(predicted) variables Y are the future global FX market volatility ‡V OL and illiquidity flILL,

and future returns of the CSCARCR, HML, DOL, D-DOL, MOM and V AL.8 We consider

prediction horizons h of 1, 6, 12 and 18 months, i.e., we test whether our predictors xj are

able to explain 1-month and up to 18-month ahead realizations of our dependent variables

Y .

Tables 7 through 10 report the results of our predictive regressions. The notional value

of the CSCAR is significantly correlated with future FX market volatility, illiquidity and

returns of the CSCARCR, CAR, DDOL and MOM . For returns of the DOL and the V AL

there is evidence of predictability at longer horizons of 6 to 18 months. The notional value

also predicts volatility and illiquidity at a short horizon. These findings are robust across our

data of 15 developed and 29 developed and emerging currencies. We find similar statistically

significant coefficients for the leverage of the CSCAR. The turnover of the CSCAR has

some power to predict volatility and illiquidity but there is no robust evidence to predict

returns. The sign of the median forward discount consistently predicts the return of the

DOL and illiquidity, but we find no robust evidence that it has power to predict volatility

or returns of the other factors. Finally, past volatility has power to predict future volatility

and similarly past illiquidity well forecasts future illiquidity. Volatility and illiquidity do not

have a robust correlation with future FX market returns.

The adjusted R2 of the predictive regressions is impressive. At the 1-month horizon we

are able to forecast 50% and 60% of the variation in FX market volatility and illiquidity,

8If we are able to predict the returns of the CSCARCR, then we can also predict the returns of the
CSCAR because the two factors only differ with respect to the notional value. Results are available upon
request.
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respectively. At the 6-, 12- and 18-month horizons the adjusted R2 decreases monotonically

to 30% and 40%, 25% and 30%, and 15% and 25%, respectively. The adjusted R2 to

predict returns of the CSCARCR at the 1-month horizon is 1% for the data of 15 developed

currencies and 2.9% for the data of 29 currencies. It increases to a little over 16.5% (for both

datasets) at the 18-month horizon. At the 1-month horizon, the adjusted R2 to forecast

returns of the CAR are 2.5% and 1.7%, the DOL 4% and 5.1%, the DDOL 0.3% and 0.2%,

the MOM 1.1% and 0.4%, and the V AL -0.5% and -0.2% for our data of 15 developed and

29 currencies. The R2 increase to 6% and 8.5% for the CAR, 26.1% and 18.1% for the DOL,

21.4% and 10.4% for the DDOL, 8.8% and 13.7% for the MOM , and 1.2% and 1.6% for the

V AL at the 18-month horizon. Clearly, (with the exception of the V AL) FX market returns

are predictable.

The difference in the predictive power between the notional value and the leverage of

the CSCAR and the global FX market volatility emphasizes the difference between the

covariance and spread adjustment of the carry versus a volatility managed carry factor in the

spirit of Della Corte et al. (2009), Daniel et al. (2017) and Moreira and Muir (forthcoming).

The CSCAR is timing the market in response to changes in forward discounts, volatility

and correlations, all of which are important. In contrast, volatility managed factors are only

responding to changes in volatility.

In summary, we take the predictive power of the notional value and the leverage of the

CSCAR as evidence that the CSCAR is able to forecast future expected returns and risks in

FX markets. FX market volatility or illiquidity do not have the same predictive power. This

is consistent with our previous finding that both the covariance and spread adjustments are

important determinants of conditional expected returns and that the correlation structure

between exchange rate growths is critical to price FX market returns. This is an important

finding for future empirical research to identify economic fundamentals that drive the time-

series variation in the conditional covariance matrix and forward discounts. Our finding

also informs theoretical research to focus on economic mechanisms responsible for a time-

series variation in the conditional covariance matrix of exchange rate growths and forward
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discounts.

4.7 FX Market Volatility, Illiquidity and Downside Risk

Menkhoff et al. (2012a) show that unexpected changes in FX market volatility (V OL) are

important to price carry trade returns. Karnaukh et al. (2015) and Mancini et al. (2013)

document the importance of illiquidity (ILL), and Rafferty (2012) introduces an FX skewness

factor (SKEW ) to explain returns. Moreover, Lettau et al. (2014) and He et al. (2016) show

that a stock market downside risk factor (DSR) and an intermediary capital risk factor

(INT ) are priced in the cross-section of interest rate sorted currency portfolios.

In Tables 11 and 12 we test whether these factors explain the cross-section of our 15 and

26 test assets and whether the CSCAR is simply picking up crash and illiquidity risks. The

V OL, ILL, SKEW and DSR are not traded and thus, we cannot test whether the implied

risk premium is equal to the historical average return and whether abnormal returns in the

time-series equations are jointly zero. The V OL is priced in the cross-section but the risk

premium is more significant in the case of 15 than 26 test assets. The risk premium of the

ILL is insignificant. We find evidence that the SKEW is priced when we use data for 15

developed currencies but not in the data for 29 currencies. The US stock market is priced

in the cross section of 15 test assets but not in the set of 26 assets. The implied risk premia

of the DSR and the INT vary across sets of test assets and the data we use and are mostly

insignificant. In almost all models the common mispricing ˆ̂γ0 is not different from zero in the

case of 15 test assets but significant in the case of 26 assets. The model with the V OL factor

is able to price the cross-section of 15 test assets, but abnormal returns in the cross-sectional

equations are jointly statistically significantly different from zero and the model is rejected in

the case of 26 test assets. Abnormal returns are always (for 15 or 26 test assets) statistically

significantly different from zero for all other model specifications. Finally, abnormal returns

of the CSCAR are always large and highly statistically significant, which implies that the

risks captured by the CSCAR are not explained by the V OL, ILL, SKEW , MKT , DSR
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and INT factors.

We conclude that the CSCAR captures important information to price the cross-section

of FX market returns, and these risks are not explained by an intermediary asset pricing

factor, skewness, downside or illiquidity risks. The finding that crash risk does not explain

the cross-section of returns is consistent with findings by Daniel et al. (2017), Bekaert and

Panayotov (2018) and Maurer et al. (2018). These papers construct profitable currency

trading strategies with returns that cannot be explained by crash risks and question the idea

that crash risks are important for pricing in FX markets.

5 Conclusion

We adjust the carry factor (CAR) to account for the covariance matrix of exchange rate

growths (covariance adjustment) and the size of forward discounts (spread adjustment). We

call this factor the covariance and spread adjusted carry (CSCAR).

Using various sets of test assets and data of 15 developed and 29 developed and emerging

currencies from 1976 to 2016, we find that that the CSCAR single factor model is able to

price the cross-section of average FX market returns. In contrast, carry factors which do not

use all the information of the covariance matrix and forward discounts are unable to price

assets. Moreover, popular single and multi-factor models do not span the CSCAR factor

and are rejected in our tests.

We further show that the conditional covariance matrix of exchange rate growths and

forward discounts vary through time, and because they are important determinants of con-

ditional expected returns (i.e., pricing), FX market returns are predictable 1 to 18 months

ahead.

Our findings have important implications for theoretical models and empirical research.

Many theoretical models focus on forward discounts and do not analyze the implications of

variances and correlations of exchange rate growths. Our findings suggest that the exchange
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rate growth variances and correlations contain relevant information for pricing and should

take a central role in economic models. We also document that there is a substantial time-

series variation in the conditional covariance matrix of exchange rate growths and forward

discounts, and it is critical to account for this variation to price assets. It is important that

future empirical research investigates the underlying economic fundamentals that drive this

time-series variation.
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Appendix

A Details about Sequentially Efficient GMM Estima-

tion

This section provides details on the estimation of our factor pricing models in Section 4 using

sequentially efficient GMM (Cochrane, 2005; Shanken and Zhou, 2007). We refer to the set

of (1 +K)N moment conditions E


Ö

1

Ft

è
⊗ (Rt − α− βFt)

 = 0 as the time-series pricing

equations, and the N moment conditions E
î
Rt − γ01{N×1} − βγ

ó
= 0 as the cross-sectional

pricing equations.

We first solve

A1gT (b̂) = 0 with A1 =



IK 0 0

0 I(1+K)N 0

0 0 11×N

0 0 β̂′


,

where Ix is an identity matrix with dimension x× x and gT (b̂) = 1
T

∑T
t=1 ht(b̂) with ht(b̂) =

1





Ft − µÖ
1

Ft

è
⊗
(
Rt − α̂− β̂Ft

)

Rt − γ̂01{N×1} − β̂γ̂


, is the sample estimate of g(b). The closed form solution of b̂ is

µ̂ = E[Ft]Ö
α̂′

β̂

è
= E


Ö

1

Ft

èÅ
1 F ′t

ã−1

E


Ö

1

Ft

è
R′t

Ö
γ̂0

γ̂

è
=


Ö

11×N

β̂′

èÅ
1N×1 β̂

ã−1Ö
11×N

β̂′

è
E [Rt] ,

with E[x] being estimated using the sample average 1
T

∑T
t=1 xt. Note that we choose A1 to

fully separate the estimate of µ,

Ö
α

β

è
, and

Ö
γ0

γ

è
. Therefore, the point estimate of b̂ is

identical to the estimate in 2-stage time-series and cross-sectional regressions (Fama and

MacBeth, 1973). The covariance matrix of b̂ and gT (b̂) are estimated as follows,

Cov(b̂) =
1

T
[A1D(b̂)]−1A1S(b̂)([A1D(b̂)]−1A1)′

Cov(gT (b̂)) =
1

T
(I(2+K)N −D(b̂)[A1D(b̂)]−1A1)S(b̂)(I(2+K)N −D(b̂)[A1D(b̂)]−1A1)′,

with the (2 +K)N × (1 +K)(1 +N) matrix of partial derivatives

D(b̂) =
∂gT (b̂)

∂b̂′
=



−IK 0 0 0 0

0 −IN −E[F ′t ]⊗ IN 0 0

0 −E[ft]⊗ IN −E[Ft ⊗ F t
′]⊗ IN 0 0

0 0 −γ̂′ ⊗ IN −1{N×1} −β̂


,

and following Newey and West (1987) the [K + (2 + K)N ]× [K + (2 + K)N ] matrix S(b̂),
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which is a consistent estimate of the covariance matrix E [g(b)g(b)′],

S(b̂) =
1

T

T∑
t=1

ht(b̂)ht(b̂)
′ +

L∑
l=1

Ç
1− l

1 + L

å
1

T − l

T∑
t=1+l

(
ht(b̂)ht−l(b̂)

′ + ht−l(b̂)ht(b̂)
′
)
,

with L = T 1/4. Note that the estimate S(b̂) takes into account cross- and auto-correlations

and heteroskedasticity.

In a second step, we solve

A2gT (ˆ̂b) = 0 with A2 =

â
IK 0 0

0 I(1+K)N 0

0 0 D∗(ˆ̂b)′S∗(b̂)−1

ì
,

where the N × (1 + K) matrix D∗(ˆ̂b) =
Å
−1{N×1} − ˆ̂β

ã
is the N × (1 + K) lower, right

sub-matrix of D(ˆ̂b), and S∗(b̂) is the N ×N lower, right sub-matrix of S(b̂). We only adjust

the weights on the set of the N cross-sectional pricing equations using the information of

the first stage error covariance matrix S(b̂). This is the idea of sequentially efficient GMM.

The alternative weighting matrix Ã2 = D(ˆ̂b)′S(b̂)−1 is theoretically more efficient than A2,

but in practice it can be difficult to invert the matrix S(b̂) and estimation errors can lead to

non-robust results. Shanken and Zhou (2007) show that more robust estimates are obtained

with sequentially efficient GMM, i.e., estimating (µ, α and) β in a consistent but inefficient

way, and then, given the estimates β̂, estimate γ0 and γ using an efficient weighting matrix.

The closed form solution of ˆ̂b is

ˆ̂µ = µ̂, ˆ̂α = α̂, ˆ̂β = β̂Ö
ˆ̂γ0

ˆ̂γ

è
= −

(
D∗(ˆ̂b)′S∗(b̂)−1D∗(ˆ̂b)

)−1
D∗(ˆ̂b)′S∗(b̂)−1E [Rt] .

Cov(ˆ̂b) and Cov(gT (ˆ̂b)) are analogous to Cov(b̂) and Cov(gT (b̂)) simply be replacing A1

by A2 and b̂ by ˆ̂b. Cov( ˆ̂α) is given by the N × N sub-matrix between rows K + 1 and
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K + N and columns K + 1 and K + N of Cov(ˆ̂b). V ar(γ0) is equal to the element on row

K + (1 +K)N + 1 and column K + (1 +K)N + 1 of Cov(ˆ̂b). V ar(ˆ̂γk) is the element on row

K + (1 +K)N + 1 + k and column K + (1 +K)N + 1 + k of Cov(ˆ̂b). V ar(ˆ̂µk) is equal the

element on row k and column k of Cov(ˆ̂b). Cov(ˆ̂µk, ˆ̂γk) is equal to the element on row k and

column K + (1 +K)N + 1 + k of Cov(ˆ̂b). Cov( ˆ̂α∗), with ˆ̂α∗ = E [Rt]− ˆ̂γ01{N×1}− ˆ̂β ˆ̂γ, is the

N ×N lower, right sub-matrix of Cov(gT (ˆ̂b)).

B Tables
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Table 1: Portfolio Weights of MSR

Panel A: 15 Developed Currencies

Mean Median Std Skew Kurt Min Max fdi

Italy 0.495 0.178 1.085 4.047 24.742 -1.754 8.558 4.84
Norway 0.249 0.09 0.536 2.173 12.763 -2.165 3.519 1.97
United Kingdom 0.226 0.111 0.77 12.608 220.811 -1.489 13.966 1.63
New Zealand 0.17 0.106 0.266 2.597 14.936 -0.435 2.163 3.84
Australia 0.132 0.111 0.243 -0.275 4.674 -0.916 0.787 3.19
Denmark 0.117 -0.008 0.502 2.479 15.5 -2.446 3.264 1.24
France 0.112 -0.009 0.845 6.967 63.369 -1.215 9.095 1.76
Sweden 0.088 0.032 0.5 2.45 28.144 -2.739 3.93 1.59
Belgium 0.07 0.042 0.507 1.124 15.961 -2.347 3.418 0.78
Canada 0.014 -0.013 0.379 0.541 8.082 -1.791 1.773 0.75
Euro -0.073 -0.051 0.124 -2.6 22.313 -1.013 0.466 -0.29
Germany -0.181 -0.091 0.496 1.063 25.962 -2.806 3.937 -2.03
Netherlands -0.213 -0.067 0.508 -4.785 36.765 -4.911 0.568 -1.48
Japan -0.261 -0.207 0.319 -1.16 5.865 -1.624 0.804 -2.97
Switzerland -0.363 -0.181 0.639 -4.316 33.704 -6.799 1.968 -2.67

Continued on next page
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Table 1 – continued from previous page

Panel B: 29 Developed and Emerging Currencies

Mean Median Std Skew Kurt Min Max fdi

Spain 0.518 0.229 1.109 4.808 33.498 -1.082 10.225 5.58
Italy 0.37 0.095 0.997 4.295 27.416 -1.092 8.61 4.84
Mexico 0.339 0.163 0.503 1.62 5.645 -0.747 2.423 6.4
Portugal 0.323 0.28 0.325 0.866 3.939 -0.327 1.465 5.14
Brazil 0.311 0.273 0.285 1.215 5.394 -0.35 1.355 9.26
Greece 0.311 0.266 0.397 2.662 13.622 -0.174 2.274 4.78
Iceland 0.21 0.135 0.238 1.358 4.797 -0.127 1.119 6.08
South Africa 0.199 0.124 0.328 1.829 8.273 -0.642 1.751 6.55
Hungary 0.19 0.105 0.341 1.625 9.036 -1.101 1.845 5.65
Ireland 0.181 0.032 0.804 7.656 78.561 -0.985 9.204 2.27
New Zealand 0.155 0.093 0.272 1.995 11.105 -0.505 1.946 3.84
United Kingdom 0.091 0.018 0.61 9.66 132.982 -1.49 9.204 1.63
Norway 0.079 0.012 0.503 1.904 20.92 -3.143 3.787 1.97
France 0.052 -0.037 0.829 6.762 59.682 -1.379 8.453 1.76
Australia 0.049 0.023 0.24 0.338 5.951 -0.896 1.337 3.19
Sweden 0.038 0.001 0.443 2.939 32.699 -2.076 4.523 1.59
Denmark 0.037 -0.026 0.39 2.213 18.364 -2.489 2.474 1.24
Poland 0.016 -0.01 0.192 2.099 16.545 -0.708 1.302 2.51
Belgium 0.01 0.031 0.42 -2.109 16.591 -2.657 1.645 0.78
Taiwan 0.009 -0.007 0.223 2.44 14.521 -0.629 1.27 -0.85
South Korea 0.001 0.008 0.202 -0.277 4.068 -0.664 0.578 1.27

Continued on next page
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Table 1 – continued from previous page

Canada -0.012 -0.006 0.378 -0.304 9.111 -1.954 1.821 0.75
Czech Republic -0.023 -0.024 0.258 0.492 6.443 -1.028 1.029 0.87
Euro -0.061 -0.045 0.103 -0.064 8.376 -0.457 0.481 -0.29
Singapore -0.069 -0.021 0.237 -2.614 17.841 -1.87 0.696 -1.17
Germany -0.201 -0.128 0.356 -0.853 11.148 -1.926 1.911 -2.03
Netherlands -0.216 -0.118 0.427 -4.235 33.497 -4.177 0.811 -1.48
Japan -0.219 -0.181 0.308 -0.876 5.967 -1.794 0.93 -2.97
Switzerland -0.331 -0.146 0.566 -3.376 18.607 -4.295 0.682 -2.67

Notes: Summary statistics of portfolio weights θCSCARt of the CSCAR. fdi is the average annualized forward discount in

percentage points of the exchange rate between currency i and USD. The data of 15 developed countries (Panel A) and 29

developed and emerging currencies (Panel B) are from January 1977 to February 2016.
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Table 2: CSCAR Single Factor Pricing Model

Panel A: 15 Developed Currencies

5 fdP 5 MomP 5 ValP 15 Assets 11 Assets 26 Assets

ˆ̂γ0 0.80 -0.27 -0.02 -0.12 1.62 0.45
(0.45) (-0.14) (-0.01) (-0.07) (1.41) (0.71)

ˆ̂γCSCAR 16.05∗∗ 19.37 16.04 17.32∗∗∗ 9.43∗∗∗ 10.23∗∗∗

(2.79) (1.27) (1.70) (3.28) (4.86) (5.60)
R2 92.13 34.22 38.91 58.08 73.66 58.59

ˆ̂γCSCAR − ˆ̂µCSCAR 4.79 8.10 4.78 6.05 -1.84 -1.04
(0.99) (0.55) (0.53) (1.42) (1.36) (0.90)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 0.86 2.90 6.60 11.94 13.51 28.65
(p-value) (0.93) (0.57) (0.16) (0.61) (0.20) (0.28)

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 0.43 0.77 1.48 1.03 1.34 1.04
(p-value) (0.83) (0.57) (0.20) (0.42) (0.20) (0.41)

Continued on next page
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Table 2 – continued from previous page

Panel B: 29 Developed and Emerging Currencies

5 IntP 5 MomP 5 ValP 15 Assets 11 Assets 26 Assets

ˆ̂γ0 -0.55 -1.17 0.24 -1.08 2.01 0.24
(-0.30) (-0.55) (0.12) (-0.63) (1.65) (0.33)

ˆ̂γCSCAR 13.27∗ 14.93 10.14 13.57∗∗∗ 9.17∗∗∗ 11.65∗∗∗

(2.65) (1.53) (1.62) (3.04) (3.71) (4.75)
R2 70.30 27.96 41.42 46.30 79.47 58.69

ˆ̂γCSCAR − ˆ̂µCSCAR 1.63 3.30 -1.49 1.93 -2.46∗ 0.01
(0.42) (0.36) (0.27) (0.60) (1.86) (0.01)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 4.42 6.50 4.64 16.93 9.62 32.93
(p-value) (0.35) (0.16) (0.33) (0.26) (0.47) (0.13)

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 0.96 1.46 0.91 1.19 0.98 1.19
(p-value) (0.44) (0.20) (0.47) (0.28) (0.47) (0.24)

Notes: Estimates of the cross-sectional pricing equation E [Rt] = γ01{N×1} + βγ using sequentially

efficient GMM. Details about the estimation are in Appendix A. R2 is the model fit of the cross-

sectional pricing equation. χ2-test is the joint test statistic of α∗i = 0 for all test assets i ∈
{1, . . . , N}. F-test is the joint test statistic of αi = 0 for all test assets i ∈ {1, . . . , N}. t-statistics

are in parentheses below coefficient estimates, and p-values are below the χ2 and F test-statistics.

Significance at the 1%, 5% or 10% level are indicated by ∗∗∗,∗∗ or ∗. Errors are estimated taking into

account auto- and cross-sectional correlations and heteroskedasticity according to Newey and West

(1987). The data is our set of 15 developed countries (Panel A) and 29 developed and emerging

currencies (Panel B) from January 1977 to February 2016.
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Table 3: Carry and Dynamic Dollar (without Market TIming)

Panel A: 15 Developed Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 6.02 4.16 6.43 2.41∗∗∗ 1.78∗∗ 1.62∗∗

-1.36 -0.72 -1.43 -3.67 -2.59 -2.37
ˆ̂γDOL -6.73 -5.40 -7.75 -2.14 -1.52 -1.26

(-1.29) (-0.85) (-1.49) (-1.19) (-0.85) (-0.70)
ˆ̂γCAR 5.79∗∗∗ 5.79∗∗∗

-3.32 -3.52
ˆ̂γDDOL 12.82∗∗ 3.84∗∗

-2.74 -2.33
ˆ̂γSCARCR 6.33∗∗ 6.09∗∗∗

-2.41 -3.75
R2 37.69 35.45 44.62 35.19 29.76 43.81

ˆ̂γDOL − ˆ̂µDOL -7.60 -6.27 -8.62 -3.01∗∗ -2.39∗ -2.14
-1.51 -0.95 -1.65 -2.36 -1.85 -1.67

ˆ̂γCAR − ˆ̂µCAR -0.58 -0.58
-0.95 -0.66

ˆ̂γDDOL − ˆ̂µDDOL 6.65 -2.33∗∗

-1.44 -2.68
ˆ̂γSCARCR − ˆ̂µSCARCR -2.48 -2.73∗∗

-1.04 -2.46

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 17.32 21.33∗ 15.43 49.00∗∗∗ 53.13∗∗∗ 43.73∗∗∗

(p-value) -0.19 -0.07 -0.28 0 0 -0.01

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.24 1.70∗∗ 1.37 2.46∗∗∗ 2.05∗∗∗ 1.82∗∗∗

(p-value) -0.24 -0.05 -0.16 0 0 -0.01

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 6.53∗∗∗ 9.04∗∗∗ 7.08∗∗∗

-4.33 -4.89 -4.17
αCSCAR 8.67∗∗∗ 10.56∗∗∗ 7.80∗∗∗

-5.61 -5.34 -4.83

Continued on next page
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Table 3 – continued from previous page

Panel B: 29 Developed and Emerging Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 -4.92 -3.90 -3.72 2.10∗∗∗ 1.71∗∗ 1.63∗∗

(-1.05) (-0.73) (-0.76) -2.89 -2.52 -2.33
ˆ̂γDOL 6.65 4.77 4.80 -0.64 -1.23 -0.33

-1.24 -0.77 -0.85 (-0.33) (-0.63) (-0.17)
ˆ̂γCAR 7.05∗∗∗ 6.66∗∗∗

-3.94 -3.81
ˆ̂γDDOL 8.02∗ 2.18

-1.94 -1.32
ˆ̂γSCARCR 9.40∗∗ 4.89∗∗

-2.75 -2.67
R2 45.58 12.39 45.54 37.96 24.68 36.66

ˆ̂γDOL − ˆ̂µDOL 5.57 3.69 3.71 -1.73 -2.31∗∗ -1.42
-1.07 -0.62 -0.69 -1.62 -2.24 -1.36

ˆ̂γCAR − ˆ̂µCAR 0.25 -0.15
-0.28 -0.17

ˆ̂γDDOL − ˆ̂µDDOL 2.84 -3.00∗∗∗

-0.72 -2.93
ˆ̂γSCARCR − ˆ̂µSCARCR 1.70 -2.81∗∗

-0.56 -2.77

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 15.46 25.91∗∗ 18.07 49.32∗∗∗ 63.64∗∗∗ 54.58∗∗∗

(p-value) -0.28 -0.02 -0.15 0 0 0

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.26 1.94∗∗ 1.26 2.05∗∗∗ 2.38∗∗∗ 1.97∗∗∗

(p-value) -0.22 -0.02 -0.22 0 0 0

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 6.52∗∗∗ 9.79∗∗∗ 7.58∗∗∗

-3.79 -5.05 -4.1
αCSCAR 8.43∗∗∗ 11.05∗∗∗ 8.08∗∗∗

-4.66 -5.41 -4.49

Continued on next page
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Table 3 – continued from previous page

Notes: Estimates of the cross-sectional pricing equation E [Rt] = γ01{N×1} + βγ using sequentially

efficient GMM. Details about the estimation are in Appendix A. R2 is the model fit of the cross-

sectional pricing equation. χ2-test is the joint test statistic of α∗i = 0 for all test assets i ∈ {1, . . . , N}.
F-test is the joint test statistic of αi = 0 for all test assets i ∈ {1, . . . , N}. t-statistics are in parentheses

below coefficient estimates, and p-values are below the χ2 and F test-statistics. Significance at the

1%, 5% or 10% level are indicated by ∗∗∗,∗∗ or ∗. Errors are estimated taking into account auto- and

cross-sectional correlations and heteroskedasticity according to Newey and West (1987). The data is

our set of 15 developed countries (Panel A) and 29 developed and emerging currencies (Panel B) from

January 1977 to February 2016.
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Table 4: Managing Volatility

Panel A: 15 Developed Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 5.14 6.67 -8.27 0.73 1.03 0.09
(1.17) (1.30) (-0.98) (0.92) (1.45) (0.06)

ˆ̂γDOL -5.99 -8.45 9.26 -0.83 -0.53 0.33
(-1.17) (-1.45) (0.95) (-0.48) (-0.30) (0.16)

ˆ̂γDDOL 14.27 5.94∗∗∗

(1.44) (2.91)
ˆ̂γCAR 5.50∗∗ 5.12∗∗

(2.98) (2.85)
ˆ̂γCARVM 11.29∗∗ 1.70 6.40∗∗∗ 6.85∗∗

(2.98) (0.19) (2.94) (2.81)
ˆ̂γSCARCR 12.27 7.57∗∗∗

(1.81) (4.03)
ˆ̂γSCARVM 16.91∗∗ 7.44 5.03∗∗ 6.32∗∗

(2.52) (0.70) (2.77) (2.82)
ˆ̂γMOM 2.93 2.32

(1.40) (1.37)
ˆ̂γV AL 3.76∗ 3.78∗∗

(2.10) (2.40)
R2 47.07 45.68 73.66 32.30 29.88 54.22

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 13.59 14.44 5.30 56.28∗∗∗ 61.26∗∗∗ 41.26∗∗∗

(p-value) (0.40) (0.34) (0.62) (0.00) (0.00) (0.00)

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.31 1.69∗ 0.71 2.10∗∗∗ 2.25∗∗∗ 1.66∗∗

(p-value) (0.19) (0.05) (0.77) (0.00) (0.00) (0.02)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 7.28∗∗∗ 8.55∗∗∗ 6.42∗∗∗

(t-stat) (4.67) (5.02) (4.48)
αCSCAR 7.40∗∗∗ 8.58∗∗∗ 5.74∗∗∗

(t-stat) (5.16) (5.26) (4.24)

Continued on next page
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Table 4 – continued from previous page

Panel B: 29 Developed and Emerging Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 -6.24 -5.89 -8.58 0.66 0.96 0.45
(-1.26) (-1.05) (-1.08) (0.84) (1.25) (0.40)

ˆ̂γDOL 8.08 7.42 10.77 0.72 0.50 0.53
(1.43) (1.17) (1.22) (0.36) (0.26) (0.25)

ˆ̂γDDOL 6.02 3.37∗

(0.85) (1.76)
ˆ̂γCAR 7.35∗∗∗ 6.47∗∗∗

(3.91) (3.60)
ˆ̂γCARVM 8.21∗∗ 4.19 7.88∗∗∗ 8.04∗∗∗

(2.52) (0.60) (3.67) (3.48)
ˆ̂γSCARCR 9.96∗ 5.86∗∗∗

(2.36) (2.92)
ˆ̂γSCARVM 20.41∗∗ 16.14 4.81∗∗ 5.78∗∗

(2.44) (1.10) (2.75) (2.80)
ˆ̂γMOM 5.44∗ 5.00∗∗

(2.01) (2.30)
ˆ̂γV AL 4.15∗ 4.24∗∗

(2.09) (2.48)
R2 46.04 57.54 76.18 38.35 28.78 50.51

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 15.45 12.94 5.32 49.93∗∗∗ 67.55∗∗∗ 41.84∗∗∗

(p-value) (0.28) (0.45) (0.62) (0.00) (0.00) (0.00)

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.30 1.56∗ 1.11 1.84∗∗∗ 2.40∗∗∗ 1.66∗∗

(p-value) (0.20) (0.08) (0.34) (0.01) (0.00) (0.02)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 7.13∗∗∗ 9.08∗∗∗ 6.39∗∗∗

(3.82) (4.79) (3.82)
αCSCAR 7.63∗∗∗ 8.90∗∗∗ 6.17∗∗∗

(4.00) (4.97) (3.86)

Notes: Estimates of the cross-sectional pricing equation E [Rt] = γ01{N×1} + βγ using sequentially

efficient GMM. Details about the estimation are in Appendix A. R2 is the model fit of the cross-

sectional pricing equation. χ2-test is the joint test statistic of α∗i = 0 for all test assets i ∈ {1, . . . , N}.
F-test is the joint test statistic of αi = 0 for all test assets i ∈ {1, . . . , N}. t-statistics are in parentheses

below coefficient estimates, and p-values are below the χ2 and F test-statistics. Significance at the

1%, 5% or 10% level are indicated by ∗∗∗,∗∗ or ∗. Errors are estimated taking into account auto- and

cross-sectional correlations and heteroskedasticity according to Newey and West (1987). The data is

our set of 15 developed countries (Panel A) and 29 developed and emerging currencies (Panel B) from

January 1977 to February 2016. 14



Table 5: Importance of Spread and Covariance Adjustments

Panel A: 15 Developed Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 -0.78 -1.57 -0.28 1.20∗ 0.87 1.33∗∗

(-0.54) (-1.03) (-0.16) (1.94) (1.32) (2.07)
ˆ̂γSCAR 7.32∗∗ 5.80∗∗∗

(2.39) (3.30)
ˆ̂γV SCAR 10.40∗∗ 10.00∗∗∗

(2.83) (4.91)
ˆ̂γCECAR 12.95∗∗ 3.26∗

(2.95) (1.76)
R2 18.68 29.97 35.43 33.03 52.96 22.93

ˆ̂γSCAR − ˆ̂µSCAR -0.23 -1.75∗

(0.10) (1.79)
ˆ̂γV SCAR − ˆ̂µV SCAR -1.18 -1.59

(0.42) (1.49)
ˆ̂γCECAR − ˆ̂µCECAR 4.76 -4.93∗∗∗

(1.31) (4.84)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 28.12∗∗ 20.89 18.11 52.86∗∗∗ 36.22∗ 62.88∗∗∗

(p-value) (0.01) (0.10) (0.20) (0.00) (0.07) (0.00)

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.81∗∗ 1.33 1.49 2.01∗∗∗ 1.30 2.50∗∗∗

(p-value) (0.03) (0.18) (0.10) (0.00) (0.15) (0.00)

Abnormal Return ofCSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 7.91∗∗∗ 5.16∗∗∗ 7.86∗∗∗

(t-stat) (4.87) (3.64) (5.44)
αCSCAR 8.45∗∗∗ 5.19∗∗∗ 6.04∗∗∗

(t-stat) (5.33) (3.82) (5.45)

Continued on next page
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Table 5 – continued from previous page

Panel B: 29 Developed and Emerging Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 -4.07∗∗ -4.87∗∗ -0.56 1.17∗ 0.50 0.55
(-2.28) (-2.54) (-0.31) (1.86) (0.71) (0.79)

ˆ̂γSCAR 10.14∗∗∗ 5.28∗∗∗

(3.71) (2.86)
ˆ̂γV SCAR 13.24∗∗∗ 9.22∗∗∗

(3.50) (4.27)
ˆ̂γCECAR 15.84∗∗ 6.98∗∗∗

(2.82) (3.76)
R2 44.79 50.82 44.25 30.07 43.80 37.10

ˆ̂γSCAR − ˆ̂µSCAR 3.36 -1.49
(1.64) (1.55)

ˆ̂γV SCAR − ˆ̂µV SCAR 2.78 -1.24
(0.94) (1.20)

ˆ̂γCECAR − ˆ̂µCECAR 6.39 -2.47∗∗

(1.37) (2.36)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 18.44 15.91 16.52 57.04∗∗∗ 46.83∗∗∗ 49.48∗∗∗

(p-value) (0.19) (0.32) (0.28) (0.00) (0.01) (0.00)

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.58∗ 1.56∗ 1.38 2.10∗∗∗ 1.67∗∗ 1.76∗∗

(p-value) (0.08) (0.08) (0.15) (0.00) (0.02) (0.01)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 8.56∗∗∗ 5.70∗∗∗ 5.60∗∗∗

(4.56) (3.71) (3.64)
αCSCAR 9.19∗∗∗ 5.46∗∗∗ 4.21∗∗∗

(4.89) (3.93) (3.69)

Notes: Estimates of the cross-sectional pricing equation E [Rt] = γ01{N×1} + βγ using sequentially

efficient GMM. Details about the estimation are in Appendix A. R2 is the model fit of the cross-

sectional pricing equation. χ2-test is the joint test statistic of α∗i = 0 for all test assets i ∈ {1, . . . , N}.
F-test is the joint test statistic of αi = 0 for all test assets i ∈ {1, . . . , N}. t-statistics are in parentheses

below coefficient estimates, and p-values are below the χ2 and F test-statistics. Significance at the

1%, 5% or 10% level are indicated by ∗∗∗,∗∗ or ∗. Errors are estimated taking into account auto- and

cross-sectional correlations and heteroskedasticity according to Newey and West (1987). The data is

our set of 15 developed countries (Panel A) and 29 developed and emerging currencies (Panel B) from

January 1977 to February 2016.
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Table 6: Importance of Market Timing and Robust Estimate of Covariance Matrix

Panel A: 15 Developed Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 -0.75 -0.80 -1.28 1.40∗∗ 0.97 1.36∗

(-0.47) (-0.49) (-0.64) (2.29) (1.53) (2.05)
ˆ̂γCSCARCR 10.62∗∗∗ 5.00∗∗

(3.73) (2.75)
ˆ̂γCSCARCV 11.66∗∗∗ 8.08∗∗∗

(3.90) (4.36)
ˆ̂γCSCARfull

28.22∗∗ 16.06∗∗

(2.41) (2.47)
R2 47.13 56.35 33.57 28.71 43.63 34.47

ˆ̂γCSCARCR − ˆ̂µCSCARCR 3.16 -2.46∗∗

(1.45) (2.64)
ˆ̂γCSCARCV − ˆ̂µCSCARCV 1.83 -1.75∗

(0.83) (1.84)
ˆ̂γCSCARfull

− ˆ̂µCSCARfull
22.29∗ 10.13
(2.00) (1.46)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 15.12 12.53 12.51 56.28∗∗∗ 49.98∗∗∗ 47.25∗∗∗

(p-value) (0.37) (0.56) (0.57) (0.00) (0.00) (0.00)

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.21 0.91 2.15∗∗∗ 2.24∗∗∗ 1.97∗∗∗ 2.65∗∗∗

(p-value) (0.26) (0.55) (0.01) (0.00) (0.00) (0.00)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 6.69∗∗∗ 3.88∗∗∗ 6.30∗∗∗

(t-stat) (4.93) (4.00) (3.24)
αCSCAR 6.53∗∗∗ 3.46∗∗∗ 9.93∗∗∗

(t-stat) (5.09) (4.09) (5.67)

Continued on next page
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Table 6 – continued from previous page

Panel B: 29 Developed and Emerging Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 -1.80 -1.49 -0.96 1.14∗ 0.67 1.56∗∗

(-1.03) (-0.86) (-0.53) (1.75) (0.99) (2.50)
ˆ̂γCSCARCR 10.73∗∗∗ 6.24∗∗∗

(3.98) (3.45)
ˆ̂γCSCARCV 10.48∗∗∗ 9.17∗∗∗

(3.74) (5.01)
ˆ̂γCSCARfull

16.27∗ 13.01∗∗∗

(1.79) (2.83)
R2 53.26 50.03 17.35 34.17 50.44 32.94

ˆ̂γCSCARCR − ˆ̂µCSCARCR 2.58 -1.91∗∗

(1.33) (2.13)
ˆ̂γCSCARCV − ˆ̂µCSCARCV -0.10 -1.40

(0.05) (1.41)
ˆ̂γCSCARfull

− ˆ̂µCSCARfull
10.24 6.98
(1.13) (1.48)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 14.23 15.61 25.89∗∗ 54.98∗∗∗ 41.10∗∗ 54.13∗∗∗

(p-value) (0.43) (0.34) (0.03) (0.00) (0.02) (0.00)

Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.20 1.12 1.90∗∗ 2.00∗∗∗ 1.51∗ 2.55∗∗∗

(p-value) (0.27) (0.34) (0.02) (0.00) (0.05) (0.00)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 6.25∗∗∗ 3.15∗∗ 6.71∗∗∗

(3.93) (2.74) (4.08)
αCSCAR 6.10∗∗∗ 2.63∗∗∗ 10.08∗∗∗

(3.97) (2.80) (5.60)

Notes: Estimates of the cross-sectional pricing equation E [Rt] = γ01{N×1}+βγ using sequentially efficient

GMM. Details about the estimation are in Appendix A. R2 is the model fit of the cross-sectional pricing

equation. χ2-test is the joint test statistic of α∗i = 0 for all test assets i ∈ {1, . . . , N}. F-test is the joint

test statistic of αi = 0 for all test assets i ∈ {1, . . . , N}. t-statistics are in parentheses below coefficient

estimates, and p-values are below the χ2 and F test-statistics. Significance at the 1%, 5% or 10% level are

indicated by ∗∗∗,∗∗ or ∗. Errors are estimated taking into account auto- and cross-sectional correlations

and heteroskedasticity according to Newey and West (1987). The data is our set of 15 developed countries

(Panel A) and 29 developed and emerging currencies (Panel B) from January 1977 to February 2016.
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Table 7: Predictive Regressions, h = 1

Panel A: 15 Developed Currencies

Predictors V OLt,t+h ILLt,t+h CSCARCR,t,t+h CARt,t+h DOLt,t+h DDOLt,t+h MOMt,t+h V ALt,t+h

∑
i ‖θCSCARi,t ‖ -0.015∗∗∗ -0.025∗∗∗ 0.117∗∗∗ 0.130∗∗∗ -0.008 0.090∗∗ 0.100∗∗ 0.064∑
i θ

CSCAR
i,t 0.005 0.022∗∗∗ -0.057 -0.134∗ 0.099 -0.106 -0.222∗∗∗ -0.055∑

i ‖θCSCARi,t − θCSCARi,t−1 ‖ 0.007∗∗ 0.008∗∗∗ -0.041 -0.021 -0.073 -0.033 -0.000 -0.005
sign (median {fdi,t}) -0.002 -0.027∗∗ 0.090 -0.270 0.716∗∗∗ 0.198 0.144 -0.188
V OLt 0.623∗∗∗ 0.084 -0.546 -0.799 -2.067∗ 0.313 -0.182 0.641
ILLt 0.015 0.732∗∗∗ -0.208 -0.487 0.289 -0.335 -0.765 0.267
R2 52.06 60.57 1.02 2.60 4.04 0.27 1.11 -0.52

Panel A: 29 Developed and Emerging Currencies

Predictors V OLt,t+h ILLt,t+h CSCARCR,t,t+h CARt,t+h DOLt,t+h DDOLt,t+h MOMt,t+h V ALt,t+h

∑
i ‖θCSCARi,t ‖ -0.018∗∗∗ -0.028∗∗∗ 0.208∗∗∗ 0.209∗∗∗ 0.004 0.137∗∗ 0.123∗∗ 0.067∑
i θ

CSCAR
i,t 0.008∗∗ 0.025∗∗∗ -0.152∗ -0.211∗∗ 0.185 -0.262∗∗ -0.259∗∗∗ -0.113∑

i ‖θCSCARi,t − θCSCARi,t−1 ‖ 0.008∗∗ 0.012∗∗∗ -0.110∗∗∗ -0.072∗ -0.091∗ -0.036 0.019 0.005
sign (median {fdi,t}) -0.004 -0.025∗∗ 0.109 -0.094 0.671∗∗∗ 0.151 -0.026 -0.199
V OLt 0.606∗∗∗ 0.057 -0.774 -0.226 -0.889 -0.076 1.385 1.230
ILLt 0.012 0.729∗∗∗ -0.555 -0.468 -0.159 -0.366 -0.499 0.251
R2 48.69 57.39 2.92 1.66 5.11 0.24 0.39 -0.17

Notes: Predictive regression Yt,t+h = cconst + ctrendt +
∑
j cjxj,t + εt. Yt,t+h = 1

h

∑h
τ=1 Yt+τ . Y : carry trade returns of CSCARCR,

CAR, DOL, DDOL, MOM , V AL, and global FX market volatility flV OL and illiquidity fiILL. Predictors xj :
∑
i ‖θi,t‖ (notional

value of CSCAR),
∑
i θi,t (total exposure to risky assets of CSCAR),

∑
i ‖θi,t − θi,t−1‖ (turnover of CSCAR), sign (median {fdi,t})

(sign of median forward discount across all currencies), flV OLt (global FX market volatility), fiILLt (global FX market illiquidity). R2

(adjusted) in percentage measures the regression fit. The data is our set of 15 developed (Panel A) and 29 developed and emerging

currencies (Panel B) from January 1977 to February 2016. Significance of predictor cj at the 1%, 5% or 10% level are indicated by
∗∗∗,∗∗ or ∗, where standard errors are calculated using Newey and West (1987) to account for heteroskedasticity and auto-correlation.
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Table 8: Predictive Regressions, h = 6

Panel A: 15 Developed Currencies

Predictors V OLt,t+h ILLt,t+h CSCARCR,t,t+h CARt,t+h DOLt,t+h DDOLt,t+h MOMt,t+h V ALt,t+h

∑
i ‖θCSCARi,t ‖ -0.003 -0.018∗∗∗ 0.068∗∗∗ 0.128∗∗∗ -0.060∗ 0.006 0.054∗∗ 0.048∗∗∑
i θ

CSCAR
i,t -0.005 0.018∗ -0.102∗ -0.204∗∗∗ 0.141∗∗∗ 0.017 -0.095∗∗ -0.074∑

i ‖θCSCARi,t − θCSCARi,t−1 ‖ 0.003 0.003 -0.018 -0.020 -0.023 0.003 0.006 0.024
sign (median {fdi,t}) 0.005 -0.028∗ 0.081 -0.105 0.317∗∗ 0.008 -0.013 0.055
V OLt 0.431∗∗∗ -0.074 0.170 0.141 -0.561 1.574∗∗ -0.439 0.534
ILLt -0.002 0.538∗∗∗ 0.466∗ -0.022 0.604∗ -0.070 -0.266 0.457∗

R2 33.43 42.62 6.64 5.46 8.58 7.04 4.17 3.73

Panel A: 29 Developed and Emerging Currencies

Predictors V OLt,t+h ILLt,t+h CSCARCR,t,t+h CARt,t+h DOLt,t+h DDOLt,t+h MOMt,t+h V ALt,t+h

∑
i ‖θCSCARi,t ‖ -0.002 -0.012∗ 0.087∗∗∗ 0.113∗∗∗ -0.058∗ 0.046 0.075∗∗ 0.016∑
i θ

CSCAR
i,t -0.011∗∗∗ 0.002 -0.133∗∗ -0.139∗∗∗ 0.171∗∗ -0.055 -0.110∗∗ 0.038∑

i ‖θCSCARi,t − θCSCARi,t−1 ‖ 0.004 0.005∗ -0.038∗∗ -0.050∗∗∗ -0.013 -0.011 -0.005 0.002
sign (median {fdi,t}) 0.004 -0.021 0.063 -0.013 0.396∗∗∗ -0.002 -0.014 -0.080
V OLt 0.427∗∗∗ -0.243∗ 0.601 0.733 0.054 1.539∗∗ -0.257 0.918∗

ILLt -0.001 0.571∗∗∗ -0.046 -0.098 0.183 0.008 -0.248 0.223
R2 31.95 42.11 5.89 2.40 10.72 4.40 4.98 2.13

Notes: Predictive regression Yt,t+h = cconst + ctrendt +
∑
j cjxj,t + εt. Yt,t+h = 1

h

∑h
τ=1 Yt+τ . Y : carry trade returns of CSCARCR,

CAR, DOL, DDOL, MOM , V AL, and global FX market volatility flV OL and illiquidity fiILL. Predictors xj :
∑
i ‖θi,t‖ (notional

value of CSCAR),
∑
i θi,t (total exposure to risky assets of CSCAR),

∑
i ‖θi,t − θi,t−1‖ (turnover of CSCAR), sign (median {fdi,t})

(sign of median forward discount across all currencies), flV OLt (global FX market volatility), fiILLt (global FX market illiquidity). R2

(adjusted) in percentage measures the regression fit. The data is our set of 15 developed (Panel A) and 29 developed and emerging

currencies (Panel B) from January 1977 to February 2016. Significance of predictor cj at the 1%, 5% or 10% level are indicated by
∗∗∗,∗∗ or ∗, where standard errors are calculated using Newey and West (1987) to account for heteroskedasticity and auto-correlation.

20



Table 9: Predictive Regressions, h = 12

Panel A: 15 Developed Currencies

Predictors V OLt,t+h ILLt,t+h CSCARCR,t,t+h CARt,t+h DOLt,t+h DDOLt,t+h MOMt,t+h V ALt,t+h

∑
i ‖θCSCARi,t ‖ 0.001 -0.012∗∗ 0.032∗ 0.074∗∗∗ -0.093∗∗∗ 0.023 0.029∗ 0.031∗∑
i θ

CSCAR
i,t -0.010∗∗∗ 0.009 -0.039 -0.120∗∗ 0.206∗∗∗ -0.012 -0.032 -0.040∑

i ‖θCSCARi,t − θCSCARi,t−1 ‖ 0.004∗ 0.004 -0.014 -0.023∗∗ -0.021 0.009 0.001 -0.005
sign (median {fdi,t}) 0.008 -0.042∗∗ 0.050 -0.130 0.228∗∗ 0.098 -0.027 -0.021
V OLt 0.360∗∗∗ -0.066 0.361 0.473 -0.220 0.939∗∗ -0.199 -0.027
ILLt -0.018 0.400∗∗∗ 0.371∗ -0.152 0.588∗∗ 0.272 -0.131 0.479∗∗∗

R2 24.57 30.32 12.57 6.43 18.94 16.54 5.03 4.51

Panel A: 29 Developed and Emerging Currencies

Predictors V OLt,t+h ILLt,t+h CSCARCR,t,t+h CARt,t+h DOLt,t+h DDOLt,t+h MOMt,t+h V ALt,t+h

∑
i ‖θCSCARi,t ‖ 0.001 -0.009 0.061∗∗∗ 0.086∗∗∗ -0.065∗∗ 0.038 0.040∗ 0.034∗∗∑
i θ

CSCAR
i,t -0.010∗∗∗ 0.003 -0.111∗∗∗ -0.139∗∗∗ 0.167∗∗∗ -0.079 -0.056 0.001∑

i ‖θCSCARi,t − θCSCARi,t−1 ‖ 0.003∗ 0.006∗∗∗ -0.010 -0.037∗∗∗ 0.001 0.010 0.005 -0.023∗∗

sign (median {fdi,t}) 0.004 -0.045∗∗ -0.000 -0.046 0.331∗∗∗ 0.084 0.011 -0.088
V OLt 0.343∗∗∗ -0.256∗ 1.146∗∗ 0.923∗ 0.253 0.879∗ 0.035 0.373
ILLt -0.009 0.451∗∗∗ -0.037 -0.167 0.237 0.197 -0.096 0.179
R2 23.22 33.88 12.37 6.57 15.90 8.86 6.80 3.00

Notes: Predictive regression Yt,t+h = cconst + ctrendt +
∑
j cjxj,t + εt. Yt,t+h = 1

h

∑h
τ=1 Yt+τ . Y : carry trade returns of CSCARCR,

CAR, DOL, DDOL, MOM , V AL, and global FX market volatility flV OL and illiquidity fiILL. Predictors xj :
∑
i ‖θi,t‖ (notional

value of CSCAR),
∑
i θi,t (total exposure to risky assets of CSCAR),

∑
i ‖θi,t − θi,t−1‖ (turnover of CSCAR), sign (median {fdi,t})

(sign of median forward discount across all currencies), flV OLt (global FX market volatility), fiILLt (global FX market illiquidity). R2

(adjusted) in percentage measures the regression fit. The data is our set of 15 developed (Panel A) and 29 developed and emerging

currencies (Panel B) from January 1977 to February 2016. Significance of predictor cj at the 1%, 5% or 10% level are indicated by
∗∗∗,∗∗ or ∗, where standard errors are calculated using Newey and West (1987) to account for heteroskedasticity and auto-correlation.
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Table 10: Predictive Regressions, h = 18

Panel A: 15 Developed Currencies

Predictors V OLt,t+h ILLt,t+h CSCARCR,t,t+h CARt,t+h DOLt,t+h DDOLt,t+h MOMt,t+h V ALt,t+h

∑
i ‖θCSCARi,t ‖ 0.003 -0.006 0.011 0.061∗∗∗ -0.104∗∗∗ 0.013 0.016 0.004∑
i θ

CSCAR
i,t -0.012∗∗∗ -0.001 0.002 -0.102∗∗ 0.221∗∗∗ 0.003 -0.012 -0.001∑

i ‖θCSCARi,t − θCSCARi,t−1 ‖ 0.004∗∗ 0.006∗∗ -0.010 -0.019∗∗ -0.015 -0.001 0.009 -0.002
sign (median {fdi,t}) 0.004 -0.060∗∗∗ 0.054 -0.026 0.227∗∗∗ 0.085 -0.019 -0.018
V OLt 0.278∗∗∗ -0.058 0.465 0.606 -0.097 0.626∗ -0.131 0.294
ILLt -0.017 0.307∗∗∗ 0.287∗ -0.161 0.435∗∗ 0.277∗∗ -0.006 0.171
R2 17.62 23.71 16.86 6.01 26.13 21.41 8.77 1.17

Panel A: 29 Developed and Emerging Currencies

Predictors V OLt,t+h ILLt,t+h CSCARCR,t,t+h CARt,t+h DOLt,t+h DDOLt,t+h MOMt,t+h V ALt,t+h

∑
i ‖θCSCARi,t ‖ 0.002 -0.009 0.046∗∗ 0.072∗∗∗ -0.069∗∗∗ 0.027 0.025∗ 0.029∗∗∑
i θ

CSCAR
i,t -0.010∗∗∗ 0.004 -0.091∗∗ -0.141∗∗∗ 0.172∗∗∗ -0.034 -0.035 -0.021∑

i ‖θCSCARi,t − θCSCARi,t−1 ‖ 0.003∗ 0.009∗∗∗ 0.000 -0.024∗ 0.005 -0.003 0.015∗∗∗ -0.023∗∗∗

sign (median {fdi,t}) 0.000 -0.068∗∗∗ 0.025 0.038 0.284∗∗∗ 0.031 -0.039 -0.047
V OLt 0.260∗∗∗ -0.268∗∗ 1.078∗∗ 0.882∗∗ 0.263 0.588 0.205 0.332
ILLt -0.010 0.356∗∗∗ -0.018 -0.120 0.191 0.208 0.028 0.036
R2 15.55 29.07 16.55 8.53 18.14 10.39 13.70 1.63

Notes: Predictive regression Yt,t+h = cconst + ctrendt +
∑
j cjxj,t + εt. Yt,t+h = 1

h

∑h
τ=1 Yt+τ . Y : carry trade returns of CSCARCR,

CAR, DOL, DDOL, MOM , V AL, and global FX market volatility flV OL and illiquidity fiILL. Predictors xj :
∑
i ‖θi,t‖ (notional

value of CSCAR),
∑
i θi,t (total exposure to risky assets of CSCAR),

∑
i ‖θi,t − θi,t−1‖ (turnover of CSCAR), sign (median {fdi,t})

(sign of median forward discount across all currencies), flV OLt (global FX market volatility), fiILLt (global FX market illiquidity). R2

(adjusted) in percentage measures the regression fit. The data is our set of 15 developed (Panel A) and 29 developed and emerging

currencies (Panel B) from January 1977 to February 2016. Significance of predictor cj at the 1%, 5% or 10% level are indicated by
∗∗∗,∗∗ or ∗, where standard errors are calculated using Newey and West (1987) to account for heteroskedasticity and auto-correlation.
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Table 11: Volatility, Illiquidity and Skewness

Panel A: 15 Developed Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 6.53 4.30 3.57 2.34∗∗∗ 2.09∗∗∗ 1.51∗∗

(1.01) (1.00) (0.69) (3.19) (3.14) (2.11)
ˆ̂γDOL -7.38 -4.71 -4.21 -2.08 -1.94 -1.40

(-1.00) (-0.94) (-0.74) (-1.13) (-1.09) (-0.82)
ˆ̂γV OL -0.62∗∗ -0.31

(-2.52) (-1.71)
ˆ̂γILL -45.58 -54.17

(-0.87) (-1.36)
ˆ̂γSKEW -179.87∗∗ -135.82∗∗∗

(-2.67) (-2.98)
R2 31.49 5.68 31.78 24.35 22.96 33.38

ˆ̂γDOL − ˆ̂µDOL -8.25 -5.58 -5.08 -2.95∗∗ -2.81∗∗ -2.27∗

(1.17) (1.14) (0.85) (2.21) (2.31) (1.85)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 17.48 32.21∗∗∗ 23.13∗∗ 58.28∗∗∗ 60.88∗∗∗ 56.25∗∗∗

(p-value) (0.18) (0.00) (0.04) (0.00) (0.00) (0.00)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR):

α∗CSCAR 7.69∗∗∗ 8.97∗∗∗ 7.70∗∗∗

(t-stat) (4.87) (4.88) (4.62)

Continued on next page
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Table 11 – continued from previous page

Panel B: 29 Developed and Emerging Currencies

15 Test Assets 26 Test Assets

ˆ̂γ0 -5.66 -7.44 -5.08 2.36∗∗ 2.16∗∗ 1.04
(-1.05) (-1.35) (-1.06) (2.75) (2.78) (1.32)

ˆ̂γDOL 7.59 9.13 6.57 -1.00 -1.21 0.30
(1.23) (1.44) (1.19) (-0.50) (-0.62) (0.14)

ˆ̂γV OL -0.69∗∗ -0.42∗∗

(-2.45) (-2.12)
ˆ̂γILL -122.52∗ -70.94

(-1.79) (-1.66)
ˆ̂γSKEW -76.14 -84.85∗

(-1.35) (-1.75)
R2 37.87 24.45 12.28 26.85 24.02 24.80

ˆ̂γDOL − ˆ̂µDOL 6.50 8.05 5.48 -2.09∗ -2.30∗ -0.79
(1.09) (1.31) (1.02) (1.80) (2.06) (0.70)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 13.63 20.19∗ 27.96∗∗∗ 50.46∗∗∗ 58.49∗∗∗ 66.06∗∗∗

(p-value) (0.40) (0.09) (0.01) (0.00) (0.00) (0.00)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 7.63∗∗∗ 9.26∗∗∗ 9.59∗∗∗

(4.36) (4.37) (4.77)

Notes: Estimates of the cross-sectional pricing equation E [Rt] = γ01{N×1} + βγ using sequentially

efficient GMM. Details about the estimation are in Appendix A. R2 is the model fit of the cross-

sectional pricing equation. χ2-test is the joint test statistic of α∗i = 0 for all test assets i ∈ {1, . . . , N}.
F-test is the joint test statistic of αi = 0 for all test assets i ∈ {1, . . . , N}. t-statistics are in parentheses

below coefficient estimates, and p-values are below the χ2 and F test-statistics. Significance at the

1%, 5% or 10% level are indicated by ∗∗∗,∗∗ or ∗. Errors are estimated taking into account auto- and

cross-sectional correlations and heteroskedasticity according to Newey and West (1987). The data is

our set of 15 developed countries (Panel A) and 29 developed and emerging currencies (Panel B) from

January 1977 to February 2016.
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Table 12: Downside Risk and Intermediary Capital Ratio

Panel A: 15 Developed Currencies

15 Test Assets 26 Test Assets

γ0 -1.21 -1.33 -1.27 2.76∗∗∗ 2.41∗∗∗ 2.79∗∗∗

(-0.71) (-0.74) (-0.70) (4.23) (3.49) (4.20)
γMKT 19.84∗ 21.15∗∗ 20.81∗∗ -7.15 -4.93 -6.42

(1.93) (2.28) (2.22) (-1.27) (-0.86) (-1.22)
γDSR 0.47 0.58 5.35∗ 5.76∗

(0.13) (0.15) (1.77) (1.88)
γINT 24.61∗ 23.75 12.74 12.07

(2.15) (1.74) (1.48) (1.47)
R2 40.47 41.10 41.10 12.65 29.67 41.94

γMKT − E[MKT ] 12.44 13.74 13.41 -14.55∗∗ -12.33∗∗ -13.83∗∗

(1.21) (1.48) (1.43) (-2.59) (-2.15) (-2.62)
γINT − E[INT ] 12.16 11.30 0.28 -0.39

(1.06) (0.83) (0.03) (-0.05)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 25.80∗∗ 23.60∗∗ 24.98∗∗∗ 63.99∗∗∗ 54.81∗∗∗ 54.13∗∗∗

(p-value) (0.01) (0.02) (0.01) (0.00) (0.00) (0.00)
Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 1.93∗∗ 3.08∗∗∗

(p-value) (0.02) (0.00)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 7.49∗∗∗ 8.65∗∗∗ 7.16∗∗∗

(t-test) (5.33) (5.35) (5.01)
αCSCAR 11.21∗∗∗

(t-test) (5.82)

Continued on next page
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Table 12 – continued from previous page

Panel B: 29 Developed and Emerging Currencies

15 Test Assets 26 Test Assets

γ0 -2.71 -4.06 -4.08∗ 2.01∗∗∗ 1.88∗∗∗ 1.97∗∗∗

(-1.59) (-1.75) (-2.03) (3.14) (2.94) (3.03)
γMKT 22.74∗∗ 29.45∗∗ 29.71∗∗∗ -0.01 1.41 0.58

(2.90) (2.81) (3.26) (-0.00) (0.27) (0.12)
γDSR -1.03 -0.74 1.01 1.09

(-0.31) (-0.22) (0.35) (0.37)
γINT 16.26 16.98 3.27 3.25

(1.32) (1.53) (0.36) (0.36)
R2 34.64 45.46 45.55 2.05 1.26 5.92

γMKT − E[MKT ] 15.34∗ 22.04∗ 22.31∗∗ -7.41 -6.00 -6.82
(1.96) (2.10) (2.45) (-1.32) (-1.16) (-1.35)

γINT − E[INT ] 3.81 4.52 -9.19 -9.20
(0.31) (0.41) (-1.03) (-1.02)

Joint Test of Cross-Sectional Pricing Equations ˆ̂α∗ = 0:

χ2-test 27.73∗∗∗ 18.56∗ 24.50∗∗ 78.66∗∗∗ 79.08∗∗∗ 78.45∗∗∗

(p-value) (0.01) (0.10) (0.01) (0.00) (0.00) (0.00)
Joint Test of Time-Series Pricing Equations ˆ̂α = 0:

F-test 2.18∗∗∗ 3.14∗∗∗

(p-value) (0.01) (0.00)

Abnormal Return of CSCAR in Cross-Section (α∗CSCAR) and Time-Series (αCSCAR):

α∗CSCAR 9.32∗∗∗ 9.62∗∗∗ 9.31∗∗∗

(t-test) (6.69) (6.50) (6.68)
αCSCAR 11.05∗∗∗

(t-test) (5.19)

Notes: Estimates of the cross-sectional pricing equation E [Rt] = γ01{N×1} + βγ using 2-stage time-

series and cross-sectional regressions. Details about the estimation are in Section ??. R2 is the model

fit of the cross-sectional pricing equation. χ2-test is the joint test statistic of α∗i = 0 for all test assets

i ∈ {1, . . . , N}. F-test is the joint test statistic of αi = 0 for all test assets i ∈ {1, . . . , N}. t-statistics

are in parentheses below coefficient estimates, and p-values are below the χ2 and F test-statistics.

Significance at the 1%, 5% or 10% level are indicated by ∗∗∗,∗∗ or ∗. Errors are estimated taking into

account auto- and cross-sectional correlations and heteroskedasticity according to Newey and West

(1987). The data is our set of 15 developed countries (Panel A) and 29 developed and emerging

currencies (Panel B) from January 1977 to February 2016.
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C Figures

Forward Discounts fdi,t of 29 Exchange Rates

Figure 1: 1-month forward discounts fdi,t between currency i and USD implied by forward
and spot exchange rates. Grey shaded periods indicate NBER recessions. The data is our
set of 29 developed and emerging currencies.
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FX Market Volatility

Figure 2: Time-series of conditional FX market volatility fiV olt calculated as the average of
daily absolute exchange rate growths across currencies within month t (see details in Section
3.2 or Menkhoff et al. (2012a)). The data is our set of 15 developed currencies (black solid
line) and 29 developed and emerging currencies (red dotted line). Grey shaded periods
indicate NBER recessions.
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Average Correlation in FX Markets

Figure 3: Time-series of the average conditional correlation across all exchange rate growths
ρt = 1

N−1

∑N
i=1 ρi,t in month t, where ρi,t = 1

N−1

∑N−1
j=1 Corrt (∆xi,t,∆xj,t) is the average

correlation of exchange rate growth i with all other exchange rate growths j, and we estimate
the conditional correlation Corrt (∆xi,t,∆xj,t) between exchange rate growths i and j in
month t using daily exchange rate growths within the month. The data is our set of 15
developed currencies (black solid line) and 29 developed and emerging currencies (red dotted
line). Grey shaded periods indicate NBER recessions.
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Percentage of PCs Retained

Figure 4: Percentage of PCs retained in the construction of the CSCAR in each month. We
remove all PCs which explains less than 1% of the total exchange rate variation in the past 6
months. Grey shaded periods indicate NBER recessions. The data is our set of 15 developed
currencies (black solid line) and 29 developed and emerging currencies (red dotted line).
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Notional Value of CSCAR

Figure 5: Notional value or total dollar amount underlying the exchange rate forward posi-
tions of the CSCAR,

∑
i ‖θi,t‖. Grey shaded periods indicate NBER recessions. The data is

our set of 15 developed currencies (black solid line) and 29 developed and emerging currencies
(red dotted line).
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Leverage of CSCAR

Figure 6: Sum of portfolio weights of the CSCAR,
∑
i θi,t. Grey shaded periods indicate

NBER recessions. The data is our set of 15 developed currencies (black solid line) and 29
developed and emerging currencies (red dotted line).
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Turnover of CSCAR

Figure 7: Sum of absolute (monthly) changes in portfolio weights of the CSCAR, ‖∑i θi,t−
θi,t−1‖. Grey shaded periods indicate NBER recessions. The data is our set of 15 developed
currencies (black solid line) and 29 developed and emerging currencies (red dotted line).
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CSCAR Portfolio Weights vs Forward Discounts

Figure 8: Cross-Sectional Correlation Corrt (θi,t, fsi,t) at time t between portfolio weights
θCSCARi,t of the CSCAR and forward discounts fdi,t. Grey shaded periods indicate NBER
recessions. The data is our set of 15 developed currencies (black solid line) and 29 developed
and emerging currencies (red dotted line).
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D Data Sources

Spot and Forward Exchange Rates

In Table 13 we list the Datastream mnemonics for spot and forward exchange rate quotes

against the USD, whereas those against the GBP are listed in Table 14. To obtain mid-, bid-

and ask-exchange rates, the suffixes (ER), (EB) and (EO) are added to the corresponding

mnemonics.

Other Data

Purchasing power parity (PPP) data for most of the 29 countries is provided by the OECD.

For countries which are not covered by the OECD, we collect data from the World Bank

(International Comparison Program database). Annual PPP data is released in March and

we assume PPP is constant from March until February in the following year in order to

construct monthly observations. We collect the NBER recession time-series from the Federal

Reserve Bank of St. Louis. NBER based Recession Indicators for the USA are defined as the

Period following the Peak through the Trough. Value weighted US stock market returns are

provided by CRSP. The traded intermediary capital risk factor (factor mimicking portfolio

of equity capital ratio of primary dealers) is provided by He et al. (2016).
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Table 13: Datastream mnemonics for currency quotes against the U.S. dollar

Currency Spot rate Forward rate Quote convention
Australian dollar BBAUDSP BBAUD1F FCU/USD
Brazilian real BRACRU$ USBRL1F FCU/USD
British pound BBGBPSP BBGBP1F USD/FCU
Canadian dollar BBCADSP BBCAD1F FCU/USD
Czech koruna CZECHC$ USCZK1F FCU/USD
Danish krone BBDKKSP BBDKK1F FCU/USD
Euro BBEURSP BBEUR1F FCU/USD
French franc BBFRFSP BBFRF1F FCU/USD
German mark BBDEMSP BBDEM1F FCU/USD
Greek Drachma GREDRA$ USGRD1F FCU/USD
Hungarian forint HUNFOR$ USHUF1F FCU/USD
Icelandic krona ICEKRO$ USISK1F FCU/USD
Irish punt BBIEPSP BBIEP1F USD/FCU
Italian lira BBITLSP BBITL1F FCU/USD
Japanese yen BBJPYSP BBJPY1F FCU/USD
Mexican peso MEXPES$ USMXN1F FCU/USD
Netherland guilder BBNLGSP BBNLG1F FCU/USD
New Zealand dollar BBNZDSP BBNZD1F FCU/USD
Norwegian krone BBNOKSP BBNOK1F FCU/USD
Polish zloty POLZLO$ USPLN1F FCU/USD
Portuguese escudo PORTES$ USPTE1F FCU/USD
Singapore dollar BBSGDSP BBSGD1F FCU/USD
South Africa rand BBZARSP BBZAR1F FCU/USD
South Korean won KORSWO$ USKRW1F FCU/USD
Spanish peseta SPANPE$ USESP1F FCU/USD
Swedish krona BBSEKSP BBSEK1F FCU/USD
Swiss france BBCHFSP BBCHF1F FCU/USD
Taiwan new dollar TAIWDO$ USTWD1F FCU/USD
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Table 14: Datastream mnemonics for currency quotes against the British pound

Currency Spot rate Forward rate Quote convention

Canadian dollar CNDOLLR CNDOL1F FCU/GBP
Danish krone DANISHK DANIS1F FCU/GBP
French franc FRENFRA FRENF1F FCU/GBP
German mark DMARKER DMARK1F FCU/GBP
Irish punt IPUNTER IPUNT1F FCU/GBP
Italian lira ITALIRE ITALY1F FCU/GBP
Japanese yen JAPAYEN JAPYN1F FCU/GBP
Netherlands guilder GUILDER GUILD1F FCU/GBP
Norwegian krone NORKRON NORKN1F FCU/GBP
Portuguese escudo PORTESC PORTS1F FCU/GBP
Spanish peseta SPANPES SPANP1F FCU/GBP
Swedish krona SWEKRON SWEDK1F FCU/GBP
Swiss franc SWISSFR SWISF1F FCU/GBP
U.S. dollar USDOLLR USDOL1F FCU/GBP
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