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Abstract

We test a two-beta currency pricing model that features betas with risk-premium

news and real-rate news of the currency market. Unconditionally, beta with cur-

rency risk-premium news is �bad� because of a signi�cantly positive price of risk

of 2.52% per year; beta with global real-rate news is �good� because of a negative

price of risk. The price of the risk-premium-beta risk is countercyclical, whereas

the price of the real-rate-beta risk is procyclical. Most prevailing currency trad-

ing strategies have either excessive �bad beta� or too little �good beta,� thus fail

to deliver abnormal performance. The main driver of our results is precautionary

savings. (JEL: F31, G12, G15)

Keywords: currency risk premium, real exchange rate, variance decomposition,

present value decomposition, multifactor model, carry trade



This paper tests a new two-beta intertemporal capital asset pricing model (ICAPM) for

currencies and uses it to analyze currency trading strategies. Recent literature on currency

risk premiums has identi�ed the predominant common factor in currency returns as the

�dollar factor,� an equally weighted portfolio of �oating exchange rate currencies (see, e.g.,

Lustig, Roussanov, and Verdelhan, 2011; Menkho�, Sarno, Schmeling, and Schrimpf, 2012a;

Brusa, Ramadorai, and Verdelhan, 2017; Verdelhan, 2018, among others). Although the

dollar factor resembles the �market portfolio� in CAPM, it is a stylized fact that the relation

between currency returns and currency betas with respect to the dollar factor, called �dollar

betas,� is too �at to explain the cross-sectional variation in expected currency returns.1 Much

research has been devoted to quenching empiricists' thirst for alternative factors, mainly to

supplement the dollar factor.2

We address the ��at dollar beta versus premium� issue di�erently. Motivated by the

decomposition of the real exchange rates into risk-premium and real-rate components (see

Froot and Ramadorai, 2005; Engel, 2016; Balduzzi and Chiang, 2020), we decompose the

conventional dollar beta into two betas: beta with currency market risk-premium news

(�risk-premium beta�) and beta with market-wide real interest rate news (�real-rate beta�).

The two news components are not highly correlated, and the two new betas capture dis-

tinct components of currency returns, so they can explain more cross-sectional variations

in currency risk premiums. This framework extends the two-beta model of Campbell and

Vuolteenaho (2004) featuring stock return comovements with equity market discount-rate

news (�discount-rate beta�) and equity market cash-�ow news (�cash-�ow beta�); note the

Campbell and Vuolteenaho (2004) model is motivated by the Campbell and Shiller (1988)

1Indeed, we run a monthly cross-sectional regression of currency excess returns on rolling currency dollar
betas, plus an intercept, and obtain an average slope coe�cient of −0.08% with a t-ratio −0.53. Fan,
Londono, and Xiao (2022) also �nd the price of dollar beta risk is essentially zero.

2Researchers have proposed additional factors, such as consumption (Lustig and Verdelhan, 2007), slope
(Lustig, Roussanov, and Verdelhan, 2011), volatility (Menkho�, Sarno, Schmeling, and Schrimpf, 2012a),
downside risk (Lettau, Maggiori, and Weber, 2014), global dollar and carry (Verdelhan, 2018), coskewness
(Chan, Yang, and Zhou, 2018), and tail risk (Gao, Lu, and Song, 2019), among others.
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decomposition of the dividend-to-price ratio into discount-rate and cash-�ow components.

We ask the following empirical questions: Are the two new currency betas associated

with signi�cant prices of beta risks? Are there�borrowing the terminology of Campbell

and Vuolteenaho (2004)��good betas� (betas associated with relatively low price of risk)

and �bad betas� (betas associated with relatively high price of risk)? Do the prices of risks

comove with economic conditions? Finally, can the model explain rewards from notable

currency trading strategies, such as carry trade, momentum, and value strategies?

Employing the two new currency betas, we test the two-beta ICAPM for currency re-

turns. Our test features time-varying betas and time-varying prices of beta risks and hence

generalizes the formulation of Campbell and Vuolteenaho (2004) that primarily focuses on

the case with constant betas and constant prices of beta risks. Modeling time-variation in

risk measures and risk premiums is crucial when testing currencies, because a vast empirical

literature rejects the uncovered interest rate parity, suggesting time-variation in risk pre-

miums. Lustig, Roussanov, and Verdelhan (2014) show that currency risk premiums are

predictable by the average forward discount (AFD), a countercyclical economic indicator,

and Balduzzi and Chiang (2020) show that the real exchange rate predicts currency risk pre-

miums negatively. Theories also suggest time-varying currency risk premiums, which can be

due to a surplus consumption di�erential (Verdelhan, 2010), a consumption volatility di�er-

ential (Bansal and Shaliastovich, 2013), and rare disasters (Farhi and Gabaix, 2016), among

others, and these theories reproduce empirical currency return predictability patterns.

The economic mechanism behind our formulation is intuitive and supported by a no-

arbitrage model. Assets with a positive risk-premium beta are risky, because their returns

are lower when domestic investors become more risk averse or when domestic volatility is

higher. Hence, we conjecture that the risk-premium beta is associated with countercyclical

and an unconditionally positive price of risk. On the other hand, from the perspective of

a U.S. investor, assets with a positive real-rate beta are hedges, because their returns are

higher when the domestic in�ation is high or when the domestic nominal interest rate is
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low. Note that low interest rates are associated with a bad economic state in the United

States, where precautionary savings dominate. Hence, we conjecture that the real-rate beta is

associated with procyclical and an unconditionally negative price of risk. In the relative sense,

the risk-premium currency beta is the �bad beta,� whereas the real-rate beta is the �good

beta.� Formally, inspired by Lustig, Roussanov, and Verdelhan (2011, 2014), and particularly

Verdelhan (2018), we use a simple no-arbitrage model with both country-speci�c and global

volatilities to derive the above implications. Assuming precautionary savings dominate in

the home country, the model suggests that the cross-sectional variation in betas is due to

various exposures to country-speci�c or global shocks and high risk-premium-beta currencies

depreciate in bad times, whereas high real-rate-beta currencies appreciate in bad times. The

model also motivates time-variation in betas and prices of risks, which is driven by U.S. and

global volatilities and can be potentially explained by lagged state variables.

Our empirical tests assume the United States is the home country, and the two-beta

currency ICAPM robustly produces evidence consistent with our theoretical predictions.

The risk-premium beta is associated with a signi�cantly positive unconditional price of risk

of 2.52% per year (t-ratio = 3.42), and the real-rate beta has a negative price of risk.3

Furthermore, we document even stronger and more robust conditional price of risk results.

Using the countercyclical indicator AFD to represent economic conditions, we �nd the price of

risk-premium-beta risk is countercyclical: the risk-premium beta becomes relatively �better�

in good times (i.e., a lower price of risk) and �worse� in bad times (i.e., a higher price of risk).

The price of risk-premium-beta risk is 4.44% (t-ratio = 7.80) per annum higher when AFD

rises by 1 standard deviation. On the other hand, the price of real-rate-beta risk is procyclical:

investors are willing to pay more to hold a hedge during bad times and pay less in good times.

When an intercept (the risk premium of a zero-beta portfolio) is allowed, it is estimated at

3To illustrate the statistical and economic signi�cance, here we take the estimates from a no-intercept
model with rolling betas, associated with time-varying prices of beta risks, whose dynamics is driven by
AFD.
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−0.01% per month and statistically indistinguishable from zero (t-ratio = −0.44), suggesting

that the two-beta ICAPM explains the cross-section of currency premiums very well. It is

noteworthy to mention that these results are free of look-ahead bias, because the news, the

betas, and AFD are all observable at time t, whereas the dependent variable is the time t+1

excess currency return. We also use a simulation to validate that these results are not due

to errors-in-variable and �nite-sample biases.

We then utilize our estimation results to analyze the performance of several notable

recent currency trading strategies, including a dollar carry trade (Lustig, Roussanov, and

Verdelhan, 2014) strategy, two high-minus-low carry trade strategies, a country-level carry

trade strategy, a purchasing power parity (PPP) deviation strategy, two momentum strate-

gies, and a value (Asness, Moskwitz, and Pedersen, 2013) strategy. We �nd these currency

trading strategies either have excessive �bad beta� or too little �good beta,� failing to deliver

abnormal performance. At the same time, a spurious alpha can be detected in a single-factor

model with only the dollar factor, or in a two-factor model with the dollar and the carry

factors.

To verify that precautionary savings are the main economic driver of our results, we

switch to other 34 reference currencies, one at a time, and implement our two-beta ICAPM.

Consistent with our baseline results, risk-premium (real-rate) betas are bad (good) beta

in developed countries, where precautionary savings prevail. When the home country is

an emerging-market country, our U.S.-based results are largely reversed, which is consistent

with our theoretical prediction, because precautionary savings are absent in emerging-market

countries. These new results are genuine contributions because many currency pricing studies

do not explore alternative reference currencies.

This paper is related to Atanasov and Nitschka (2015), who adopt the same equity

market setting of Campbell and Vuolteenaho (2004) to study currency returns. In turn,

their �market portfolio� is the CRSP stock market index; their �discount-rate beta� and �cash-

�ow beta� capture cross-market comovement between currency returns and domestic equity-

4



market discount-rate and cash-�ow news; and their dynamics of conditional expectations are

based on equity-market state variables, like in Campbell and Vuolteenaho (2004). We argue

that currency market-wide news is more relevant than equity market news, because exchange

rates hinge on cross-country di�erentials in interest rates and in purchasing power, which

are not explicit in the equity-market news components. For example, precautionary savings,

as a main driver of our results, are absent in equity-market news. Although the analysis

of Atanasov and Nitschka (2015) obtains interesting results (that the betas with respect

to equity discount-rate/cash-�ow news are good/bad betas, consistent with Campbell and

Vuolteenaho, 2004), our empirical analysis di�ers from theirs, because (1) we use the dollar

factor as the market factor; (2) our decomposition of the conventional beta is motivated

by an exact present value decomposition of real exchange rates; and (3) we allow for time-

varying prices of risks, explicitly driven by macroeconomic variables, with potentially richer

implications.4 These considerations are consistent with recent developments in currency

studies, and their theoretical implications are discussed in this paper. Furthermore, we take

a step forward to show that our framework can explain the pro�tability of various currency

trading strategies.

1 A Two-Beta ICAPM for Currencies

1.1 Risk-premium news and real-rate news

Suppose sj,t is the time t directly quoted log nominal exchange rate of the currency of country

j; s̃j,t is the log real exchange rate of currency j (de�ned as the log nominal exchange rate,

plus the di�erential between foreign and domestic log price levels); drj,t is the log nominal

risk-free interest-rate di�erential between country j and the home country; and dπj,t is the

log in�ation di�erential between country j and the home country. Throughout this paper,

4Interestingly, the results of Atanasov and Nitschka (2015) are reversed after controlling for our risk-
premium and real-rate betas.
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we use Xj,t to denote a time t observable variable X of currency or country j, X̃ to denote

the real (as opposed to nominal) quantity of X, dXj,t to denote the di�erential in X between

country j and the home country, and ∆Xt ≡ Xt −Xt−1 to denote the �rst-order di�erence

in X.

The log excess return on currency j is de�ned as

ξj,t ≡ ∆sj,t + drj,t−1 = (∆sj,t + dπj,t) + (drj,t−1 − dπj,t) (1)

≡ ∆s̃j,t + dr̃j,t, (2)

where the log real currency return and the real interest rate di�erential are

∆s̃j,t ≡ ∆sj,t + dπj,t, (3)

dr̃j,t ≡ drj,t−1 − dπj,t, (4)

respectively. The present value decomposition of real exchange rates (Froot and Ramadorai,

2005; Engel, 2016; Balduzzi and Chiang, 2020) is

s̃j,t − E(s̃j,t) = −
∞∑
i=1

Et(ξj,t+i) +
∞∑
i=1

Et(dr̃j,t+i), (5)

(see the Internet Appendix for the proof). Equation (5) shows that the real exchange rate

dynamics are driven by cumulative deviations from uncovered interest rate parity, as well as

cumulative deviations from real rate equality. Unlike the �rst-order approximate decomposi-

tion of the dividend-to-price ratio of Campbell and Shiller (1988), the above decomposition

is an exact decomposition. This decomposition only requires a weak condition: the deviation

from purchasing power parity has a well-de�ned long-run mean; that is, the real exchange

rate is stationary.5

5While prior empirical tests of PPP �nd mixed evidence (see, e.g., Froot and Rogo�, 1995; Taylor, 1995;
Rogo�, 1996; Sarno and Taylor, 2002; Taylor and Taylor, 2004; Sarno, 2005, among others), the stationarity
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We can utilize the present value decomposition of real exchange rates in Equation (5) to

decompose an excess currency return innovation into two news components:

ξj,t+1 − Et(ξj,t+1) (6)

= −
∞∑
i=1

[Et+1(ξj,t+1+i)− Et(ξj,t+1+i)]︸ ︷︷ ︸
risk-premium news

+
∞∑
i=1

[Et+1(dr̃j,t+i)− Et(dr̃j,t+i)]︸ ︷︷ ︸
real-rate news

(7)

≡ −ηξj,t+1 + ηdr̃j,t+1, (8)

where both news components�risk-premium news (ηξt+1) and real-rate news (ηdr̃t+1)�capture

changes of conditional expectations due to updated information set (see the Internet Ap-

pendix for the derivation; see also Campbell, 1991; Froot and Ramadorai, 2005).6 Through-

out, we reserve the term �news� for the above updates of long-term expectations. Short-term

di�erences between realizations and conditional expectations will be called �innovations.�

1.2 Dynamics of state variables

To operationalize the two-way decomposition of currency excess return innovations, we must

describe the dynamics of the state variables. Following Balduzzi and Chiang (2020), we

assume the following vector autoregressive (VAR) process:

yj,t+1 = Bjyj,t + εj,t+1, (9)

where yj,t = y†j,t − E(y†j,t) and y†j,t = [ξj,t drj,t dπj,t s̃j,t]
>. Note the above choice of VAR

variables and framework leads to reliable and robust results. For example, Balduzzi and

in real exchange rate remains a general consensus. Recent papers (see, e.g., Lustig, Stathopoulos, and
Verdelhan, 2019) further postulate that nominal exchange rates are stationary.

6Although it is possible to have a �ner decomposition to separate real-rate e�ects into nominal rate
e�ects and in�ation e�ects, little variation is driven by in�ation. Empirically, we experiment with a three-
way decomposition of the betas and �nd qualitatively similar results.
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Chiang (2020) use the same VAR to reproduce some empirical stylized facts that are initially

obtained by a vector error correction model (VECM). Balduzzi and Chiang (2020) also �nd

robust results when controlling for other state variables, e.g., AFD, industrial production,

shape of yield curve, etc. This VAR formulation also addresses the criticism raised by

Chen and Zhao (2009) of the unreliable empirical results in Campbell and Vuolteenaho

(2004): Chen and Zhao (2009) �nd the return decomposition may be empirically sensitive

to the dynamics of state variables, especially when not all of the components of return are

explicitly modeled. For example, the VAR of Campbell and Vuolteenaho (2004) only models

the discount rate, and the cash �ow component is the residual in the return innovation. Chen

and Zhao (2009) suggest a remedy: each component should be modeled directly, which is

exactly the case of our VAR. In fact, it is a very parsimonious formulation in this regard.

According to the VAR model, the risk-premium and real-rate news are

ηξj,t+1 = ι>1 [(I −Bj)
−1Bj]εj,t+1, (10)

ηdr̃j,t+1 = (ι2 − ι3)>[(I −Bj)
−1]εj,t+1, (11)

where ιi is a selection vector with the ith element being 1 and 0 otherwise. See the Internet

Appendix for the derivation.

1.3 Currency betas

As the dollar factor (D) is an equally weighted portfolio of available currencies, its excess

return is

ξD,t+1 ≡
1

Nt

∑
j

ξj,t+1, (12)

8



for all j available in both t and t + 1, and Nt is the number of these available currencies.

The de�nitions of risk-premium news and real-rate news of the dollar factor follow:

ξD,t+1 − Et(ξD,t+1) = − 1

Nt

∑
j

ηξj,t+1 +
1

Nt

∑
j

ηdr̃j,t+1 (13)

≡ −ηξD,t+1 + ηdr̃D,t+1. (14)

Following Campbell and Vuolteenaho (2004), we de�ne currency j's betas with respect to

the dollar factor news:

Risk-premium beta of currency j: βξj =
cov[ξj,t+1 − Et(ξj,t+1),−ηξD,t+1]

var[ξD,t+1 − Et(ξD,t+1)]
, (15)

Real-rate beta of currency j: βdr̃j =
cov[ξj,t+1 − Et(ξj,t+1), η

dr̃
D,t+1]

var[ξD,t+1 − Et(ξD,t+1)]
, (16)

where particular attention must be paid to the negative signs associated with risk-premium

news. The overall beta βDj , which is analogous to the conventional CAPM beta, is the sum

of the two betas:

βDj =
cov[ξj,t+1 − Et(ξj,t+1), ξD,t+1 − Et(ξD,t+1)]

var[ξD,t+1 − Et(ξD,t+1)]
= βξj + βdr̃j , (17)

and βDD = 1, trivially.7 Replacing unconditional variances and covariances by conditional

moments, conditioning on time t information, obtains conditional version of betas: βξj,t, and

βdr̃j,t, and of two-way decomposition of the conditional overall dollar beta, such that

βDj,t = βξj,t + βdr̃j,t. (18)
7A subtle di�erence between our beta de�nition and that of Campbell and Vuolteenaho (2004) is their

�rst term inside the covariance operator is ξj,t+1, whereas we use ξj,t+1 − Et(ξj,t+1) to demonstrate that

N−1
∑
j(β

ξ
j + βdr̃j ) = N−1

∑
j β

D
j = 1 is ensured. Both de�nitions are in fact equivalent, because the

conditional expectation is driven by lagged instruments, which are orthogonal to innovations.
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1.4 Price of risk and rewards for risk

With the two betas, we posit the following two-beta ICAPM for currencies:

Et(ξj,t+1) = βξj,tλ
ξ
t + βdr̃j,tλ

dr̃
t , (19)

where λξt and λ
dr̃
t are the price of risk-premium-beta risk and the price of real-rate-beta risk,

conditional on time t information set. Motivated by Ferson and Harvey (1991), the price of

beta risk is assumed to be a�ne in macroeconomic variables zt:

Price of risk-premium-beta risk: λξt = λξ0 + z>t λ
ξ
z, (20)

Price of real-rate-beta risk: λdr̃t = λdr̃0 + z>t λ
dr̃
z . (21)

Here, λ0 can be interpreted as the unconditional price of risk in time dimension if the un-

conditional mean of zt is removed from zt. More restricted models may set beta, the price

of beta risk, or both to be time invariant. Furthermore, to avoid confusion with other �risk-

premium�-related terms, we call the product of a beta and its price of risk the �reward for

beta risk,� namely,

Reward for risk-premium-beta risk in currency j: βξj,tλ
ξ
t , (22)

Reward for real-rate-beta risk in currency j: βdr̃j,tλ
dr̃
t . (23)

1.5 Key insights

Are the risk-premium and real-rate betas �good� or �bad�? We provide an intuitive answer

in this section.

Assets with positive risk-premium beta or, equivalently cov[ξj,t+1−Et(ξj,t+1),−ηξD,t+1] >

0, are systematically risky. This is because when domestic risk aversion becomes sur-
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prisingly larger (or consumption becomes more volatile), domestic investors require higher

risk premiums and market-wide risk-premium news is positive (ηξD,t+1 > 0, or equivalently

−ηξD,t+1 < 0). Hence, positive market-wide risk-premium news is bad news.8 Assets with

surprisingly lower return (ξj,t+1−Et(ξj,t+1) < 0) will hurt the domestic investors, and, thus,

investors require positive risk premium from positive risk-premium-beta currencies. If the

price of risk were time varying, we conjecture it is countercyclical, which can be theoretically

motivated by countercyclical risk aversion in the habit model of Campbell and Cochrane

(1999) and Verdelhan (2010) or by changes in the consumption volatility in the long-run

risks model of Bansal and Yaron (2004) and Bansal and Shaliastovich (2013).9 Empirically,

Lustig, Roussanov, and Verdelhan (2014) show AFD positively predicts currency risk pre-

miums. As AFD is countercyclical, currency risk premiums are known to be countercyclical.

On the other hand, assets with a positive real-rate beta or, equivalently, cov[ξj,t+1 −

Et(ξj,t+1), η
dr
D,t+1] > 0, are hedges. This is because positive market-wide real-rate news

(ηdr̃D,t+1 > 0) is due to a lower domestic nominal interest rate (which is procyclical be-

cause of the precautionary savings e�ects) or higher domestic in�ation (which reduces in-

ternal purchasing power), and investors are worse o� in either situation.10 Hence, positive

market-wide real-rate news is also bad news.11 Assets with a surprisingly higher return

(ξj,t+1 − Et(ξj,t+1) > 0) give domestic investors a hedge, and, hence, the price of real-rate-

beta risk should be negative. When allowing for time variation, we conjecture that the

price of real-rate-beta risk is procyclical. In other words, investors with a preference for

8Although this argument is intuitive, it may overlook the e�ects of global shocks on countries with various
exposures. See Section 1.6 for further details.

9Long-run risks models can technically generate procyclical risk premium by setting the intertemporal
elasticity of substitution lower than 1, which is counterfactual.

10Note these comparisons can be in relative sense, because in equilibrium models the exchange rates are
determined by the relative states of the economy, i.e., the log pricing kernel di�erential. For example, an
interest rate di�erential can be higher, when both domestic and foreign countries have higher interest rates,
whereas the domestic increment is smaller than the foreign increment.

11While both risk-premium news and real-rate news are bad news, they are fundamentally di�erent risks.
Risk-premium news is related to market risk aversion and/or volatility, whereas real-rate news is related to
the degree of precautionary savings.

11



countercyclical risk premiums should be willing to pay more to hold the hedge in bad times.

Note our two-beta ICAPM has very di�erent theoretical implications from those in the

model of Campbell and Vuolteenaho (2004) and Atanasov and Nitschka (2015), whose prices

of risks are both theoretically positive. Although our risk-premium component shares a sim-

ilar mechanism with their discount-rate component, our real-rate component is conceptually

di�erent from their cash-�ow component. This is because a positive equity market cash-�ow

shock is good news to an investor who holds the market portfolio, whereas a positive currency

market real-rate news can make domestic investors worse o�.

1.6 A no-arbitrage model with global and country-speci�c shocks

We now relate our risk-premium beta and real-rate beta to the a�ne class of no-arbitrage

models with global and country-speci�c shocks.12 This model shows that we need both

risk-premium and real-rate betas to explain the cross-section of currency premiums, that the

higher risk-premium-beta currencies are systematically riskier, and that higher real-rate-beta

currencies are hedges. Furthermore, the prices of risks are correlated with AFD. Assuming

complete �nancial markets and frictional goods market, we start from the model developed

by Verdelhan (2018), who assumes the log real pricing kernel in country j follows an a�ne

conditionally Gaussian process:13

− m̃j,t+1 = cj + χjσ
2
j,t + τjσ

2
w,t + γjσj,tuj,t+1 + δjσw,tuw,t+1 + κjσj,tug,t+1, (24)

12The model presented here shares similarities with the models in Lustig, Roussanov, and Verdelhan (2011,
2014), and particularly Verdelhan (2018). Lustig, Roussanov, and Verdelhan (2011, 2014) do not have enough
�exibility to allow for two betas to drive the cross-sectional variation in risk premiums. Verdelhan (2018)
have separate sets of shocks for states of the economy versus state variables, but the correlation structure
is unclear. We follow term structure model convention, as well as Lustig, Roussanov, and Verdelhan (2011,
2014), to tighten these shocks such that we do not need to specify the correlation structure of the two sets
of shocks, while keeping the results trackable.

13For simplicity we follow convention and consider an in�ation-neutral model. Empirically, the consensus
in the literature is that most movements in currencies are driven by the real e�ects. One could possibly
include an in�ation process, like the one used in Lustig, Roussanov, and Verdelhan (2014), but its variation
does not enter risk premiums.
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where the state variables are the country-speci�c volatility (σ2
j,t) and world volatility (σ2

w,t),

and they follow square-root processes (Lustig, Roussanov, and Verdelhan, 2011, 2014):

σ2
j,t+1 = (1− ρ)µ+ ρσ2

j,t − ν
√
σ2
j,tuj,t+1, (25)

σ2
w,t+1 = (1− ρw)µw + ρwσ

2
w,t − νw

√
σ2
w,tuw,t+1. (26)

Here, the Feller condition holds to ensure positive volatilities. A country-speci�c shock, uj,t, is

diversi�able when the number of countries N is large. We have two common, undiversi�able

shocks: uw,t+1 is a global shock associated with a country-speci�c parameter δj, and, hence,

the di�erential in responses is permanent. The second global shock, ug,t+1, is associated

with the product of κjσj,t, and the di�erential in responses is transitory, because the product

depends on country-speci�c economic conditions (σj,t). uj,t and uw,t+1 appear in both the

pricing kernel and the volatility processes. Parameters associated with the shocks, including

γj, δj, κj, ν, and νw, are all positive. The shocks are standard normal and independent of

each other. Throughout this section, the country subscript for variables and parameters is

suppressed for the home country. Note both the domestic and the global shocks are good

shocks, because positive shocks lower volatilities.

With the lognormal pricing kernel, we can �nd the real interest rates using r̃j,t =

−[Et(m̃j,t+1) + vart(m̃j,t+1)/2]. Motivated by Lustig, Roussanov, and Verdelhan (2011) and

Verdelhan (2018), we assume 0 < χ < (γ2+κ2)/2 for the home country to highlight the domi-

nant precautionary savings e�ect in the United States. For simplicity, we set χj = (γ2j +κ2j)/2

for all other countries, leading to

r̃j,t = cj + (τj −
1

2
δ2j )σ

2
w,t, (27)

r̃t = c+

[
χ− 1

2
(γ2 + κ2)

]
σ2
t + (τ − 1

2
δ2)σ2

w,t. (28)

The assumption χ − (γ2 + κ2)/2 < 0 shows that the domestic real rate drops when the
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domestic volatility is higher. The real rate di�erential is

dr̃j,t = r̃j,t − r̃t = (cj − c)−
[
χ− 1

2
(γ2 + κ2)

]
σ2
t +

[
(τj − τ)− 1

2
(δ2j − δ2)

]
σ2
w,t. (29)

Here, countries with higher interest rates tend to have higher τj and lower δj. To impose the

dominance of precautionary savings e�ect in the domestic country in the relative sense, we

further assume (τ̄j − τ) − (δ̄2j − δ2)/2 > 0, where the bars denote a cross-sectional average,

that is, X̄ =
∑

j Xj/N , such that the real rate di�erential on average increases when global

risk is higher. Lustig, Roussanov, and Verdelhan (2011) have a similar consideration and

impose country-speci�c restrictions; hence, our assumption is weaker. This assumption is

also realistic, because empirically the real rate di�erential, relative to the United States, is

positive on average. Under this assumption, the average forward discount is countercyclical,

that is, positively related to volatilities:

AFDt ≡ r̃j,t − r̃t = (c̄j − c)−
[
χ− 1

2
(γ2 + κ2)

]
σ2
t +

[
(τ̄j − τ)− 1

2
(δ2j − δ2)

]
σ2
w,t. (30)

We can also �nd the real currency depreciation for currency j:

−∆s̃j,t+1 = m̃t+1 − m̃j,t+1 (31)

= (cj − c) + (χjσ
2
j,t − χσ2

t ) + (τj − τ)σ2
w,t

+ (γjσj,tuj,t+1 − γσtut+1) + (δj − δ)σw,tuw,t+1 + (κjσj,t − κσt)ug,t+1. (32)

Here, currencies with lower δj (recall these are higher interest rate currencies) or lower κjσj,t

tend to depreciate more when there is a negative global shock (uw,t+1 < 0 or ug,t+1 < 0,
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respectively). In addition, under stationarity, the real exchange rates are

s̃j,t = E(s̃j,t)−
∞∑
i=1

Et(∆s̃j,t+i) (33)

= E(s̃j,t) + χj
1

1− ρ
σ2
j,t + (τj − τ)

1

1− ρw
σ2
w,t − χ

1

1− ρ
σ2
t , (34)

with a cross-sectional average of

s̃j,t = E(s̃j,t) +
1

1− ρ
χjσ2

j,t + (τ̄j − τ)
1

1− ρw
σ2
w,t − χ

1

1− ρ
σ2
t . (35)

The time t currency risk premium and the time t+ 1 excess return innovation are

Et(ξj,t+1) =
1

2
(γ2 + κ2)σ2

t −
1

2
(δ2j − δ2)σ2

w,t − χjσ2
j,t, (36)

ξj,t+1 − Et(ξj,t+1) = −(γjσj,tuj,t+1 − γσtut+1)

− (δj − δ)σw,tuw,t+1 − (κjσj,t − κσt)ug,t+1, (37)

respectively.

Given the processes for the volatilities, the real-rate news of currency j is

ηdr̃j,t+1 =

[
χ− 1

2
(γ2 + κ2)

]
ν

1− ρ
σtut+1 −

[
(τj − τ)− 1

2
(δ2j − δ2)

]
νw

1− ρw
σw,tuw,t+1, (38)

and the risk-premium news is the di�erence between real-rate news and excess return inno-

vation, that is, ηξj,t+1 = ηdr̃j,t+1 − [ξj,t+1 − Et(ξj,t+1)]. For the dollar factor, its real-rate news

is

ηdr̃D,t+1 =

[
χ− 1

2
(γ2 + κ2)

]
ν

1− ρ
σtut+1 −

[
(τ̄j − τ)− 1

2
(δ2j − δ2)

]
νw

1− ρw
σw,tuw,t+1. (39)

The assumptions of χ−(γ2+κ2)/2 < 0 and (τ̄j−τ)−(δ2j −δ2)/2 > 0 guarantee that real-rate
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news is bad news, because it is positive when the shocks are negative. The risk-premium

news of the dollar factor, assuming N is large and the law of large numbers holds, is

ηξD,t+1

N→∞−−−→ ηdr̃D,t+1 − γσtut+1 + (δ̄j − δ)σw,t+1uw,t+1 + (κjσj,t − κσt)ug,t+1. (40)

Following Lustig, Roussanov, and Verdelhan (2011) and Verdelhan (2018), we assume δ̄j−δ =

0 and drop the term (δ̄j−δ)σw,t+1uw,t+1. Furthermore, a su�cient condition for risk-premium

news being bad news is κjσj,t − κσt < 0 (Verdelhan, 2018, also focuses on this case), such

that the risk-premium news is positive when domestic and global shocks are negative. This

condition suggests that when the domestic country is more sensitive to the global shock, a bad

global shock will induce domestic investors to demand higher risk premiums.14 Importantly,

the conditional variation in risk-premium news, net of the in�uence of the real-rate news, is

only driven by domestic volatility after we assume δ̄j − δ = 0. As this di�erence is perfectly

correlated with the excess return innovation in the dollar factor, this evidence reinforces that

the dollar beta itself insu�ciently explains the currency risk premiums. The real-rate beta

is proportional to

covt[ξj,t+1 − Et(ξj,t+1), η
dr̃
D,t+1] = βdr̃j,t × vart[ξD,t+1 − Et(ξD,t+1)] (41)

= γ

[
χ− 1

2
(γ2 + κ2)

]
ν

1− ρ
σ2
t + (δj − δ)

[
(τ̄j − τ)− 1

2
(δ2j − δ2)

]
νw

1− ρw
σ2
w,t, (42)

where vart[ξD,t+1 −Et(ξD,t+1)] = γ2σ2
t + (κjσj,t − κσt)2. The cross-sectional variation in the

real-rate beta is driven by δj. Given that (τ̄j − τ) − (δ̄2j − δ2)/2 > 0, high δj currencies

14Conversely, when the domestic country's sensitivity to global shock is below average, κjσj,t − κσt > 0,
a bad global shock decreases risk-premium news. In this case, whether positive risk-premium news refers to
good or bad news depends on the source of the shock and on the domestic country's relative sensitivity to
global shocks. If the term (κjσj,t − κσt)ug,t+1 dominates the variation of the risk-premium news, positive
risk-premium news can be good news. Intuitively, when the domestic country's sensitivity to a global shock
is below average, the country is less vulnerable to bad global shocks and can better weather the global storm,
compared with an average country, and the domestic investors' required risk premiums on risky assets will
be relatively lower.
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(�hedges�) are high real-rate-beta currencies, and the real-rate betas are likely good betas.

Consider the regressions of ξD,t+1 on βdr̃D,t, where the slope coe�cient is proportional to
15

cov{Et(ξD,t+1), covt[ξD,t+1 − Et(ξD,t+1), η
dr̃
D,t+1]} (43)

=
1

2
γ

[
χ− 1

2
(γ2 + κ2)

]
(γ2 + κ2)

ν

1− ρ
var(σ2

t ) < 0. (44)

The time t cross-sectional covariance between currency premiums and the real-rate betas is

proportional to

cov{Et(ξj,t+1), covt[ξj,t+1 − Et(ξj,t+1), η
dr̃
j,t+1]} (45)

= −1

2
[σ2
w,t]

2

[
(τ̄j − τ)− 1

2
(δ2j − δ2)

]
1

1− ρw
νwcov(δj − δ, δ2j − δ2)

− σ2
w,t

[
(τ̄j − τ)− 1

2
(δ2j − δ2)

]
1

1− ρw
νwcov(δj − δ, χjσ2

j,t), (46)

where the �rst term is obviously negative and procyclical, because cov(δj − δ, δ2j − δ2) > 0

given that δj > 0. The second term depends on the covariance between the global shock

exposure and the sensitivity to domestic volatility (cov(δj − δ, χjσ
2
j,t)), which should be

positive because the real-rate betas are good betas. Furthermore, as shown above, because

the price of real-rate-beta risk is a function of σ2
w,t, it is time varying and can be correlated

with AFD.16

The risk-premium beta is proportional to

covt[ξj,t+1 − Et(ξj,t+1),−ηξD,t+1] = βξj,t × vart[ξD,t+1 − Et(ξD,t+1)] (47)

= −covt[ξj,t+1 − Et(ξj,t+1), η
dr̃
D,t+1] + γ2σ2

t + (κjσj,t − κσt)(κjσj,t − κσt), (48)

15This slope coe�cient is di�erent from the unconditional price of risk, which would be obtained using a
cross-sectional or panel regression with a panel of currency data.

16Hence, our empirical formulation of the time-varying prices of risks can be viewed as a linear approxi-
mation.
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whose cross-sectional variation is driven by δj (in covt[ξj,t+1 −Et(ξj,t+1), η
dr̃
D,t+1]) and κjσj,t.

Because higher risk-premium-beta currencies have a lower δj or a lower κjσj (given κjσj,t −

κσt < 0), and they tend to have negative excess return innovation when there are bad

domestic or global shocks, the risk-premium beta is likely to be a bad beta. Intuitively,

the slope coe�cient of the regressions of ξD,t+1 on βξD,t = −βdr̃D,t + 1 is positive, which

can be implied by Equation (44). In addition, the real-rate beta and the risk-premium

beta capture di�erent state variables associated with di�erent parameters driving the cross-

sectional variation. This result reinforces the need for two betas instead one.

The time t cross-sectional covariance between the currency premiums and risk-premium

betas is proportional to

cov{Et(ξj,t+1), covt[ξj,t+1 − Et(ξj,t+1), η
ξ
j,t+1]} (49)

= −cov{Et(ξj,t+1), covt[ξj,t+1 − Et(ξj,t+1), η
dr̃
j,t+1]}

− 1

2
σ2
w,t(κjσj,t − κσt)cov(κjσj, δ

2
j )− (κjσj,t − κσt)cov(κjσj, χjσ

2
j,t), (50)

where the last two terms are positive and countercyclical when the exposure to the tran-

sitory global shock is positively correlated with the permanent global shock and domestic

volatilities, which is implied by the property that the risk-premium betas are bad betas.

Because the above terms are functions of the United States and global volatilities, the price

of risk-premium-beta risk is time varying and can be correlated with AFD.

At this stage it is worthwhile to compare our betas with the dollar and carry betas of

Verdelhan (2018). Our betas come from an exact decomposition of real exchange rates,

whereas Verdelhan (2018) forms long-short portfolios to separate various driving forces. As

a result, both of our betas are time varying, whereas the carry beta of Verdelhan (2018)

is �xed. Furthermore, we show that both prices of risk are time-varying functions of U.S.

and global volatilities, and can be correlated with AFD. As our betas provide an alternative

way to describe the mechanism, an interesting empirical question would consider which set
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of betas works better. In a robustness check below, we will �nd our main results still hold

when controlling for the carry beta, and the resultant price of carry beta risk has the wrong

sign.

2 Tests of the Two-Beta Currency ICAPM

2.1 Data

We obtain end-of-month observations for the period January 1986 to December 2017 for

Reuters spot exchange rates, 1-month forward exchange rates, Eurocurrency 1-month nom-

inal interest rates, and consumer price index (CPI),17 for the following 34 countries:

� Developed countries: Australia, Austria, Belgium, Canada, Denmark, Finland, France,

Germany (the Deutsche mark is replaced by euro from 1999 onward), Greece, Ireland,

Italy, Japan, Netherlands, New Zealand, Norway, Portugal, Singapore, Spain, Sweden,

Switzerland, and the United Kingdom.

� Emerging market countries: Czech Republic, Hungary, India, Indonesia, Kuwait, Malaysia,

Mexico, Philippines, Poland, South Africa, South Korea, Taiwan, and Thailand.

All the data are available from Datastream. Our �nal data set has 7,304 month-currency

observations.

Assuming the United States is the domestic country, we construct the following variables:

the log real exchange rate is the log spot exchange rate, plus the di�erential between the

foreign and domestic log CPI. Nominal interest rates are the log Eurocurrency nominal

interest rates. In�ation is the �rst di�erence in the log CPI. Excess currency return is the

�rst di�erence in the log spot rate, plus a lagged nominal interest rate di�erential.
17CPI data are usually announced in the middle of the month, and we treat them as month-end observations

to avoid look-ahead bias. Furthermore, heterogeneity in countries' consumption bundles is not a concern,
because we remove the means from the instrumental variables in the VAR system; in other words, we remove
the country �xed e�ects.
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Table 1 presents the descriptive statistics for excess returns, interest rate di�erentials,

in�ation di�erentials, and real exchange rates. All the statistics in the table are the cross-

sectional averages of individual currency statistics. With a monthly expected return of 0.13%

and standard deviation of 3.14%, currencies have an annualized Sharpe ratio around 0.14.

The median of the excess return is much larger than its mean, suggesting a left-skewed

distribution. The nominal interest rate di�erential is highly autocorrelated. The mean

of in�ation is about 0.20% per month, much higher than its median (0.08%), suggesting

right-skewed distribution. Real exchange rates, for illustrative purposes, are based on the

assumption that PPP holds in December 1995 (the �rst month with all currencies present).

On average, the real exchange rate is negative, suggesting that the internal purchasing power

of the U.S. dollar is lower than its external purchasing power, and a U.S. consumption bundle

is on average more expensive than that of other countries'.

Panel B of Table 1 presents the correlations between state variables. Excess currency

returns are weakly correlated with the concurrent interest rate di�erential and in�ation

di�erential, and the real exchange rate is positively correlated with the concurrent excess

return and the interest rate di�erential.

2.2 VAR and news estimation

Following Froot and Ramadorai (2005), we assume the VAR process is common for all cur-

rencies (i.e., Bj = B∀j), and we run a panel regression (pooled time-series and cross-sectional

regression) to estimate the VAR. The panel regression pools all currencies together and uti-

lizes more observations and thus leads to more precise estimates and avoids implausible,

explosive dynamics. Mark and Sul (2001), Rapach and Wohar (2002), and Jordà and Tay-

lor (2012) also use panel regressions to estimate exchange rate dynamics and �nd robust

results. Similarly, we also �nd a small number of currencies generate explosive dynamics,

and the panel regression addresses this issue. Once we have the common VAR estimates,
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we apply them to individual currencies to construct innovations to state variables, as well

as risk-premium and real-rate news.

Columns 2-7 in Panel A of Table 2 report the full sample VAR estimates obtained from

a panel regression. These results provide a long-term perspective. Both the nominal interest

rate di�erential and real exchange rate are persistent. The excess return and nominal interest

rate di�erential predict positive subsequent excess currency returns, suggesting short-term

momentum and carry strategies. On the other hand, the in�ation di�erential and real ex-

change rate predict negative future currency excess returns, although only the real exchange

rate has a signi�cant predictive power. The R-squared is the lowest for the return predic-

tion equation (2%), whereas it is much higher for the equations for nominal interest rate

di�erential and real exchange rate (41% and 96%, respectively). F -tests reject the null that

all estimates are jointly zero in all four equations. Although not reported in the table, the

largest eigenvalue is 0.97, suggesting this is a stationary system.

Our baseline empirical analysis implements VAR on a rolling basis. Throughout this

paper, we follow the convention in currency pricing, e.g. Lustig, Roussanov, and Verdelhan

(2011), among others, to set the window size to 36 months whenever a rolling-window es-

timation is involved. Note our main results remain robust, or even strengthened in many

cases, when we experiment with other window sizes; see the Internet Appendix for cases

with window size of 48 and 60 months.

Columns 8-13 in Panel A of Table 2 report the time-series averages of the 36-month

rolling VAR estimates and statistics. Several interesting patterns emerge: excess currency

returns become more predictable, although the predictive power of the nominal interest rate

di�erential becomes weaker due to recent failure of the carry trade. In�ation di�erential

becomes less predictable, and its predictive power for other state variables becomes weaker

too. F -statistics remain large and reject the zero-coe�cient joint null in all equations.

Columns 2-5 in Panel B of Table 2 report the descriptive statistics for the two dollar

factor news components implied by the full-sample VAR. Risk-premium news is more volatile

21



(standard deviation of 2.06%), whereas the volatility of real-rate news is smaller (0.42%).

The correlation between risk-premium news and real-rate news is −0.37, and, hence, they

jointly have the potential to better grasp the cross-sectional variation in currency premiums.18

Columns 6-9 in Panel B of Table 2 report the time-series average of the 36-month rolling

estimates. The average standard deviations of the news components are slightly smaller than

the full-sample standard deviations, and even more interestingly, the average correlation is

−0.30, lower than the full-sample estimate.

Figure 1 plots the rolling estimates of the risk-premium news and real-rate news of the

dollar factor, as well as the rolling correlation between the news components. In each 36-

month rolling window, we estimate a VAR and form the news components within the rolling

window. In each rolling window, the top and the middle �gures plot the last observations

of the news components, and the bottom �gure plots the correlation between the news

components. The risk-premium news of the dollar factor clearly peaks during the Asian

Financial Crisis and Internet bubble burst. A notable peak of the real-rate news of the

dollar factor occurs during the global �nancial crisis. The rolling correlation is clearly time-

varying; it is positive 25% of the time, and it is mostly negative in the last decade.

Given the relatively low volatility in the real-rate news component, one might wonder

whether it can help explain a signi�cant portion of systematic variation in currencies. We

argue it is still crucial despite its low volatility, which is simply a scaling issue. What matters

is the correlation structure: as long as the two news components are not highly correlated

with each other, the comovement with the real-rate news has the potential to explain the

systematic variation in currency returns.19

18The sign of the correlation can go either way. The no-arbitrage model in Section 1.6, suggesting that
the correlation between the two news components depends on cyclicality of interest rates and sensitivity to
a global shock, can have the �exibility to generate either positively or negatively correlated news compo-
nents. Here we �nd risk-premium news and real-rate news, both are bad news, are negatively correlated
unconditionally. As a comparison, Campbell and Vuolteenaho (2004) �nd discount-rate news (bad news)
and cash-�ow news (good news) are positively correlated unconditionally.

19Along the same lines, while Cochrane (2008), among others, �nds equity cash-�ow news is much less
volatile than equity discount-rate news, Campbell and Vuolteenaho (2004) still �nd cash-�ow beta matters
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2.3 Time-series evidence and beta estimates

Table 3 reports each currency's risk-premium betas and real-rate betas, using Equations

(15) and (16), respectively. Beside each beta estimate is its t-ratio, based on GMM standard

errors (see the Internet Appendix for details). Columns 2-5 are based on full-sample estimates

(unconditional, �xed betas), and Columns 6-9 are time-series averages of 36-month rolling

estimates/statistics. We use the following procedure to obtain rolling betas: we use currencies

without missing observations from month t − 35 to t to run a panel regression to estimate

a VAR, back out the innovations of each currency, decompose excess return innovations

into risk-premium and real-rate news, aggregate the news into dollar factor news by taking

averages, and calculate the risk-premium and real-rate betas. We roll the estimation window

forward to proceed the same analysis. Figure 2 depicts the time-series of the time-t rolling

risk-premium betas of the dollar factor (top �gure) and the rolling real-rate betas of the

dollar factor (middle �gure). Both risk-premium and real-rate betas of the dollar factor are

typically positive through time.

All full-sample beta estimates are strongly signi�cantly di�erent from zero. Out of 34

currencies, the averages of rolling t-ratios associated with rolling risk-premium betas (real-

rate betas) are greater than 2.00 in 34 (26) instances. To avoid the multiple comparison

problem, we also report the Bonferroni criterion implied p-values (the number of currencies

multiplied by the smallest p-value from the individual t-tests), which are all 1% or smaller,

well below the conventional signi�cance level. This time-series evidence shows that currency

excess returns strongly respond to both risk-premium and real-rate news of the dollar factor.

The magnitudes of the betas have interesting patterns. The unconditional risk-premium

betas, ranging from 0.35 (Taiwan) to 1.39 (Hungary) are larger than the unconditional real-

rate betas, because risk-premium news is the dominant driver in the time-series variation

in excess return innovations, as shown in Froot and Ramadorai (2005) and Balduzzi and

in equity returns.
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Chiang (2020). All risk-premium betas are signi�cantly positive or, equivalently, cov[ξj,t+1−

Et(ξj,t+1),−ηξD,t+1] > 0. On the other hand, ranging from 0.02 (Kuwait) to 0.16 (Hungary and

Indonesia), the unconditional real-rate betas are much lower than the risk-premium betas.

All of the real-rate betas are positive, that is, cov[ξj,t+1−Et(ξj,t+1), η
dr̃
D,t+1] > 0. Therefore, all

the currencies have both a positive �risky component� (the risk-premium beta) and a positive

�hedging component� as their systematic components, and the risky systematic component

outweighs the hedging systematic component. Overall, the average risk-premium beta is

0.90, and the average real-rate beta is 0.10; both are for the dollar factor (hence the sum is

1.0). The averages of the rolling estimates have similar magnitudes: the average of rolling

risk-premium beta is 0.91, and the average of rolling real-rate beta is 0.09.

The betas have di�erent degrees of cross-sectional dispersion and cross-sectional correla-

tions, and their empirical patterns support our conditional two-beta framework. We use the

coe�cients of variation (CV ) to measure dispersion: unconditional risk-premium betas have

a CV of 0.33, and unconditional real-rate betas have a CV of 0.37, which are both smaller

than the time-series average of CV s of rolling betas: 0.56 for rolling risk-premium betas,

and 0.51 for rolling-real rate betas. We also compute the cross-sectional correlations between

betas: the cross-sectional correlation between the unconditional risk-premium betas and the

unconditional real-rate betas is 0.95, while the time-series average of correlations of the two

sets of rolling betas is substantially smaller: 0.60; the time series of the correlations of the

two sets of rolling betas is depicted in the bottom of Figure 2. Furthermore, risk-premium

betas are perfectly positively correlated with the overall betas, but real-rate betas are highly

positively correlated with the overall betas only unconditionally (correlation is 0.96), but

not conditionally (average correlation is 0.63).20 Combining with the evidence that the low

20Given that the correlation between the overall dollar betas and the risk-premium betas is high, plus
the risk-premium betas and the real-rate betas are also correlated, one may claim that it is su�cient to
consider only the overall dollar betas. Our empirical evidence in Section 2.4 shows otherwise, because the
decomposition of the overall dollar beta into two betas strengthens the explanatory power of the risk-premium
betas. On the other hand, using only the overall dollar betas, without decomposing them into two sets of
betas, masks the explanatory power of the risk-premium betas. Furthermore, we perform two additional
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correlation between risk-premium news and real-rate news, our two-way decomposition of

conventional betas may help mitigate the ��at dollar beta versus premium� problem in the

asset pricing tests, especially in the conditional setting.

2.4 Tests of the two-beta ICAPM

To implement the two-beta asset pricing model for currencies, consider the following regres-

sion model:

ξj,t+1 = a+ λξtβ
ξ
j,t + λdr̃t β

dr̃
j,t + uj,t+1, (51)

where the time-varying betas are 36-month rolling betas, as in the cross-sectional study of

common currency factors by Lustig, Roussanov, and Verdelhan (2011). We assume the time-

varying prices of beta risks are linear in time-t macroeconomic variables, as in Equations

(20) and (21). To ensure tractability and better economic interpretation, we assume the

average forward discount (Lustig, Roussanov, and Verdelhan, 2014) is the only driver of

the prices of beta risks. This single-driver formulation is consistent with Verdelhan (2018):

in his cross-sectional regression of currency returns on dollar betas, Verdelhan (2018) goes

long (short) on all currencies when AFD is positive (negative). One way to interpret this

framework is to consider the price of risk as a function of the sign of AFD, taking the value

of either λ or −λ. In our setting, the prices of beta risks are a�ne in standardized AFD,

where the standardization is for interpretation purposes.

Theoretically, the no-arbitrage model indicates that AFD captures both domestic and

global e�ects. Empirically, Lustig, Roussanov, and Verdelhan (2014) show that AFD is

negatively correlated with income and production, and hence is countercyclical. To revalidate

this feature using our data, we form a real activity variable using the principal component

experiments to address this issue. In the �rst experiment, we replace the risk-premium betas by the overall
betas, while keeping the real-rate betas; in the second experiment, we orthogonalize the risk-premium betas
and the real-rate betas. We �nd robust results (available from the Internet Appendix) and they suggest that
it is crucial to include the real-rate betas.
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analysis of Ang and Piazzesi (2003), and the time-series regression of real activity on AFD

obtains a slope coe�cient of −0.49 with a Newey-West t-ratio of −2.88; hence, AFD is

countercyclical.21,22

It is noteworthy to mention that the news, the betas, and the macroeconomic variables

are all observable at time t, whereas the dependent variable is the time t+ 1 excess currency

return, and, hence, our results from the models with time-varying betas and prices of risks

are free of look-ahead bias.

Following Cochrane (2011), Lustig, Roussanov, and Verdelhan (2011), and Chan, Yang,

and Zhou (2018), we estimate the asset pricing model in Equation (51) using a panel regres-

sion. Note conventional cross-sectional regressions are not applicable here because of the

presence of common macroeconomic variables zt in the prices of beta risks. Another advan-

tage of a panel regression is it puts more weight on time periods with larger cross-sections,

whereas conventional cross-sectional regressions overweigh periods with fewer observations.

In certain periods when the cross-section of currencies is small, cross-sectional regression may

not be plausible or may generate noisy estimates in a multivariate regression. Currency data

are highly unbalanced panel data, so panel regression analysis is more appropriate.23 The

panel regression approach is common in the study of the cross-section of currency premiums

(see Sarno and Schmeling, 2014, for an example).24 For statistical inferences, we use the

21We �nd the principal components of four series: the growth rate of the Help Wanted Advertising in News-
papers index, replaced by the Job Openings and Labor Turnover Survey from 2001 onward (HELP/JOLTS),
unemployment (UE), the growth rate of employment (EMPLOY), and the growth rate of industrial pro-
duction, where growth rates are 12-month log di�erences. The real activity variable is the �rst principal
component if the factor loadings are positive for HELP/JOLTS, EMPLOY, and IP and negative for UE;
switch the sign if the factor loadings are negative for HELP/JOLTS, EMPLOY, and IP and positive for UE.

22In a separate exercise, we model the prices of risks as linear functions of both the �tted value and
the residual from the regression of AFD on real activities, to separate di�erent sources of shocks. Both
components have signi�cant explanatory power over coe�cients of the same signs, and the signs are consistent
with our main results.

23To increase the power of the tests, our baseline tests are based on an unbalanced panel, because using
a balanced panel limits the sample size. When we perform the tests on balanced panels of portfolios in the
Internet Appendix, our main results remain robust.

24Our baseline estimation does not control for �xed e�ects, because we intend to capture both the cross-
sectional variation in risk premiums and the time-series dynamics of prices of risks.
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clustered standard errors following Thompson (2011). Speci�cally, we use the standard er-

rors clustered by currency, not by time or by both currency and time, because (1) Thompson

(2011) suggests clustering by the smaller dimension, and (2) concurrent common shocks are

already controlled when macroeconomic variables are present in the prices of risks.25

For comparison, we also implement the model with time-varying betas but constant prices

of beta risks:

ξj,t+1 = a+ λξ0β
ξ
j,t + λdr̃0 β

dr̃
j,t + uj,t+1, (52)

as well as the model with constant prices of beta risks and �xed betas

ξj,t+1 = a+ λξ0β
ξ
j + λdr̃0 β

dr̃
j + uj,t+1, (53)

where the �xed betas are full sample estimates.

Table 4 has the key results of this paper. It reports the price of beta risk estimates

and their t-ratios; the intercept terms are present in Models (1)�(3) and absent in Models

(4)�(6). Models (1) and (4) have constant prices of beta risks, and �xed betas. Models

(2) and (5) also have constant prices of beta risks, but the betas are rolling betas. Models

(3) and (6) have rolling betas and time-varying prices of risks, driven by AFD. The root-

mean-square error (RMSE) of each model is reported to illustrate the economic magnitude of

pricing errors; note RMSE is inversely related to R-squared hence the latter is not tabulated.

Models controlling for other factor loadings or anomalies obtain qualitatively similar results

and are discussed in Section 2.6.

Model (1) of Table 4 shows that only the risk-premium beta is priced and is associated

with 0.32% per month of price of beta risk. The positive price of risk-premium-beta risk

remains a prevailing stylized fact in Models (2) and (3), where the unconditional price of

25Based on our simulated distributions of the parameter estimates, inferences based on asymptotic tests
using standard errors clustered by currency are more accurate, whereas tests based on double-clustered
standard errors are too conservative and lead to a downward-biased power distortion.
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risk-premium-beta risk is between 0.11% and 0.21% per month. The problem with Model

(1) is that the intercept, interpreted as the zero-beta portfolio expected excess return, is

−0.08% and statistically signi�cant. It is largely reduced when we introduce time variation

in betas; for example, the intercept term is 0.00% in Model (2).

Model (3) further introduces time-varying prices of beta risks, which are driven by AFD.

Compared with the goodness of �t of Model (2), that of Model (3) improves substantially.

The unconditional price of risk-premium-beta risk is strongly statistically positive. On the

other hand, the unconditional price of real-rate-beta risk is strongly negative. The RMSEs

for pricing are also reduced. Hence, consistent with our theoretical prediction, the risk-

premium beta is a �bad beta,� whereas the real-rate beta is a �good beta.� The price of risk

evidence in Model (3) also makes economic sense because AFD, a countercyclical variable,

drives the price of risk-premium-beta risk higher, and the price of real-rate-beta risk lower,

suggesting that investors demand more rewards for risk-taking and are willing to pay more

to hold hedges during bad times, consistent with our conjecture. The intercept term remains

small and insigni�cant (−0.01%, with a t-ratio of −0.44).

Given that the intercept terms are not statistically signi�cant in some models, we reesti-

mate the models, excluding the intercept term, and report the results in Models (4)�(6) of

Table 4; doing so also obtains more e�cient estimates. We �nd the signs and magnitudes of

the parameter estimates are very close to the results in the with-intercept counterpart, with

the only exception being the case of constant betas: slope coe�cients in Models (1) and (4)

are very di�erent. This evidence reinforces the need for time-varying betas. Interestingly,

the RMSEs are quantitatively similar. We proceed with the Model (6) (i.e., the no-intercept

version of Model (3)) in our analysis of the currency trading strategies in the next section.

To understand the economic underpinnings of the estimates, take Model (6) for example:

the unconditional price of risk-premium-beta risk is 0.21% per month (t-ratio = 3.42), or

2.52% per annum. A standard deviation increase in AFD is associated with a 0.37% per

month (t-ratio = 7.80), or 4.44% per annum, increase of the price of risk-premium-beta
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risk. On the other hand, the unconditional price of real-rate-beta risk is −0.81% per month

(t-ratio = −2.56), or −9.72% per annum, and a standard deviation increase in AFD is

associated with a −3.05% per month (t-ratio = −7.14), or −36.60% per annum, change of

the price of real-rate-beta risk. Note these numbers are economically reasonable, because,

on average, the risk-premium beta is around 0.91 and the real-rate beta is around 0.09, as

shown in Table 3. Our �ndings share some similarities with those of Lustig, Roussanov, and

Verdelhan (2014) and Verdelhan (2018), who respectively document countercyclical currency

risk premiums driven by the AFD, and the importance of the dollar factor. Di�erent from

their �ndings, we show that decomposing the dollar beta into two distinct, news-driven betas

can explain the variation in currency risk premiums better, and the AFD is a predominant

driver of the prices of beta risks.

A general message from Table 4 is that the risk-premium beta is a �bad beta� and the

real-rate beta is a �good beta.� At �rst glance, although the evidence that the risk-premium

beta being a �bad beta� is strong and robust, it is seemingly striking because Campbell and

Vuolteenaho (2004) and Atanasov and Nitschka (2015), both using equity market data to

construct market news and decompose betas, �nd the discount-rate beta is a good beta.

The fundamental di�erence between their formulation and ours is that our currency market

real-rate news is bad news, whereas their equity market cash-�ow news is good news. In the

setting of Campbell and Vuolteenaho (2004) and Atanasov and Nitschka (2015), both cash-

�ow news and (negative of) discount-rate news are good news, and hence discount-rate beta

can be �good� because discount-rate news is transitory, while cash-�ow news is persistent.26

Figure 3 plots the time-series of price of risk-premium-beta risk and price of real-rate-

beta risk. Price of risk-premium-beta risks is generally positive through time, showing that

26The mechanism in the model of Campbell and Vuolteenaho (2004) can be illustrated using a simple
intertemporal framework: a discount-rate shock that negatively a�ects the wealth portfolio can also enhance
future investment opportunities, whereas a cash-�ow shock only a�ects the wealth portfolio, without im-
proving future investment opportunities. Under the same framework, an interpretation of our results is that
real-rate news that negatively a�ects wealth may simultaneously enhance future investment opportunities.
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the risk-premium beta is a �bad beta� unconditionally. The price of real-rate-beta risk, on

the other hand, is primarily negative through the time, con�rming that the real-rate beta is

a so-called �good beta.� The two curves appear to be mirror images, which is because they

are driven by a common variable, AFD, in opposite directions.

Figure 4 depicts the time-series of the ex ante reward for risk-premium-beta risk (top),

and the ex ante reward for the real-rate-beta risk (middle), both for the dollar factor, as

well as the sum of the two rewards (bottom). The ex ante reward for risk-premium-beta risk

is primarily positive, while the reward for real-rate-beta risk is mostly negative. The sum

of the ex ante rewards is mostly positive, although it becomes substantially negative during

the global �nancial crisis.

2.5 Errors-in-variable and �nite-sample biases

Our results are conditional on the VAR estimates and beta estimates, and hence are subject

to errors-in-variable biases. Furthermore, the test statistics may not follow their asymptotic

distributions and hence are subject to �nite-sample biases. To evaluate the e�ects of the

biases, we use a bootstrap to simulate currency returns and other state variables under the

null of no time-series return predictability and no cross-sectional cross-currency dependence,

while preserving serial and cross-sectional dependence within each currency (see the Internet

Appendix for the bootstrapping procedure).

Table 5 reports the bias-corrected price of risk estimates, and their p-values, based on

clustered standard errors, as well as on the empirical distribution of the point estimates under

the null. The bias-correction recon�rms our baseline results: most price of risk estimates in

the models with rolling betas are nearly unchanged, hence our key results remain robust. The

p-values based on clustered standard errors are largely consistent with our sample inference.

We also report another p-value, based on the empirical distribution of the estimates under

the null, and they produce strong rejection of the null.
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It is evident that our results are not spurious when examining the empirical distributions

of the estimates. Figure 5 uses a Gaussian kernel to plot the bootstrapped distribution of the

coe�cient associated with risk-premium beta (top left), with the interaction of risk-premium

beta and AFD (bottom left), with the real-rate beta (top right), and with the interaction

between real-rate beta and AFD (bottom right), under the null of no time-series return

predictability and no cross-currency dependence. These densities are centered around zero

(indicating that the biases in the sample estimates are tiny), with possible asymmetries and

thick tails. The sample estimates, represented by asterisks, are clearly �outliers� to these

densities.

Overall, the impact of the errors-in-variable and �nite-sample biases, if not in our favor, is

very minor. Hence, we will continue using the asymptotic tests based on clustered standard

errors in the robustness checks.

2.6 Robustness of results

Our key empirical results remain robust when we

1. augment test asset space by assuming the factors (risk-premium and real-rate news

components) are correctly priced (see Lewellen, Nagel, and Shanken, 2010);

2. control for attributes, including interest rate di�erential, momentum, value (Asness,

Moskwitz, and Pedersen, 2013), and return predictability (Ferson and Harvey, 1999);

3. control for other betas, including carry beta (Lustig, Roussanov, and Verdelhan, 2011;

Brusa, Ramadorai, and Verdelhan, 2017; Verdelhan, 2018, among others), decomposed

carry betas (into risk-premium and real-rate portions, similar to our baseline dollar

beta decomposition), global dollar beta (Verdelhan, 2018), equity market cash-�ow

beta and discount-rate beta (Atanasov and Nitschka, 2015), consumption beta (Lustig

and Verdelhan, 2007), and tail risk beta (Gao, Lu, and Song, 2019);
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4. correct the bias in VAR estimates (Bekaert, Hodrick, and Marshall, 1997);

5. use portfolios, instead of individual currencies, as the test assets, where the portfolios

are sorted by interest rate di�erential, momentum, value, or real exchange rate;

6. employ alternative estimation procedures, including time-series regressions (Chan, Yang,

and Zhou, 2018), and cross-sectional regressions;

7. decompose AFD into two orthogonal components, both of which drive the dynamics

of prices of risks.

The Internet Appendix provides further details and tabulated results of the above robustness

checks.

3 Risk and Reward of Currency Trading Strategies

We consider the model with no intercept, with time-varying betas and time-varying prices

of beta risks, characterized by AFD only (see Model (6) of Table 4), as the �baseline case�

to analyze the risk and reward features of the following 8 trading strategies:

� Dollar carry: Following Lustig, Roussanov, and Verdelhan (2014), each month we go

long all currencies if the average forward discount among the developed countries is

positive, and short all currencies if that average is negative.

� High-minus-low (HML) carry strategies: Lustig, Roussanov, and Verdelhan (2011) sort

currencies based on currencies' interest rate di�erential into six portfolios each month.

We follow them to construct our high (interest rate) minus low (interest rate) carry

strategy, called HML carry (6). Alternatively, we consider another HML carry strategy,

HML carry (3), that is based on only three interest rate sorted portfolios, to address

the issue that there are fewer than six currencies in early sample period.
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� Country-level carry: Each month we go long all of the currencies with a positive interest

rate di�erential and short all negative interest rate di�erential currencies.

� Purchasing power parity deviation: Following Menkho�, Sarno, Schmeling, and Schrimpf

(2016), we assume PPP holds at some point (here we pick December 1995, the �rst

month with all currencies available) to reset the (log) real exchange rate to zero for all

currencies. Each month, we go long in low real exchange rate currencies and short in

high real exchange rate currencies.

� Value: Following Asness, Moskwitz, and Pedersen (2013), our value measure is the 60-

month moving average of real exchange depreciation. Each month we weight currency

in proportion to their cross-sectional rank based on their value measure minus the

cross-sectional average rank of value measure.

� Long-term and short-term momentum: The long-term momentum (�12m momentum�)

measure for a currency is its past 12-month cumulative excess return on the currency,

skipping the most recent month's observation, and we use the same weighting scheme as

in value strategy to construct the long-term momentum strategy (see Asness, Moskwitz,

and Pedersen, 2013). As the performance of the long-term momentum strategy deteri-

orates lately, we also consider a short-term momentum strategy (�1m momentum�) that

uses the return of the most recent month as the signal; this consideration is consistent

with Menkho�, Sarno, Schmeling, and Schrimpf (2012b), who indicate that a better

momentum strategy may be linked to a shorter look-back period such as one month.

Indeed, we �nd the short-term momentum strategy has a higher Sharpe ratio and ex

post risk premium, both statistically signi�cant, than the 12m momentum strategy.

For comparison, we also include the dollar factor as a benchmark.

For each strategy, we compute the portfolio beta each month based on the portfolio

weights. Then we can calculate the reward for each beta risk, that is, the product of beta
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and its price of risk, and obtain the time series of reward for risk-premium-beta risk and

reward for real-rate-beta risk. We analyze each strategy as follows:

1. Find the Sharpe ratio, the time-series averages of excess returns and each type of

reward, and the abnormal performance measures.

2. Decompose the variance of the total reward: �nd the variance share of each reward

relative to the sum of all rewards. Specially, we �nd

cov(λξtβ
ξ
q,t, λ

ξ
tβ

ξ
q,t + λdr̃t β

dr̃
q,t)

var(λξtβ
ξ
q,t + λdr̃t β

dr̃
q,t)

+
cov(λdr̃t β

dr̃
q,t, λ

ξ
tβ

ξ
q,t + λdr̃t β

dr̃
q,t)

var(λξtβ
ξ
q,t + λdr̃t β

dr̃
q,t)

= 1, (54)

where the left-hand side has shares because of the two di�erent rewards for taking beta

risks.

3. Regress each beta on the macroeconomic variable (AFD).

4. Regress each reward on AFD.

Panel A of Table 6 reports the annualized Sharpe ratios, time-series averages of total

excess returns, rewards for beta risks, as well as the variance decomposition results. As

the benchmark, dollar portfolio has 0.16% of average monthly excess return, 0.19% monthly

reward for risk-premium-beta risk (with t = 4.60), and −0.08% of reward for real-rate-beta

risk (with t = −2.02). Furthermore, 59% of its reward variability is due to reward for risk-

premium-beta risk, and 41% is due to real-rate-beta risk. We also compute the abnormal

performance of the other 8 trading strategies. The abnormal performance of strategy q is

measured by its alpha:

αξ,dr̃q =
1

T

∑
t

uq,t+1 =
1

T

∑
t

[
ξq,t+1 − (λξtβ

ξ
q,t + λdr̃t β

dr̃
q,t)
]
, (55)

where the superscripts ξ, dr̃ highlight that the asset pricing model features a risk-premium
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beta and a real-rate beta.27 For comparison, we calculate two additional sets of alphas: the

alphas (denoted by αDq ) detected by a model with only the dollar factor, and the alphas

(denoted by αD,Cq ) detected by a model with a dollar factor and a carry factor, where the

carry factor is HML carry (6).

The dollar carry strategy has a marginally signi�cant Sharpe ratio of 0.10, earns a sig-

ni�cantly positive reward for risk-premium-beta risk (0.29% per month) and also pays a

substantial reward for real-rate-beta risk (−0.21%). Its alphas are αDq = 0.21% (t = 1.68),

αD,Cq = 0.22% (t = 1.73), and αξ,dr̃q = 0.09% (t = 0.83). HML carry (6) is the only strategy

with signi�cantly positive αξ,dr̃q = 0.43% (t = 2.67), although it is lower and less signi�cant

than the alpha detected by the dollar-factor model (αDq = 0.50%, with t = 3.44).28 Compared

with the dollar carry strategy, HML carry (6) has a smaller reward from risk-premium-beta,

and pays less real-rate-beta premium (−0.08%). More than half of the reward variation is

due to real-rate-beta risk (53%).

The performance of HML carry critically depends on the portfolio sorting scheme. When

we consider an alternative version, HML carry (3), αDq = 0.30% (t = 2.83), αD,Cq = 0.27%

(t = 2.55), and αξ,dr̃q = 0.21% (t = 1.58). Surprisingly, a model with both dollar and carry

(HML carry (6)) factors cannot explain the performance of HML carry (3). At the same

time, the abnormal performance of HML carry (3) is insigni�cant in our two-beta ICAPM.

The country carry strategy also has signi�cantly positive alpha when the asset pricing

model includes the dollar factor only, or both the dollar and the carry factors. The abnormal

27Because the baseline asset pricing model does not include a constant and is estimated by a panel regres-
sion, the dollar factor alpha is nonzero (0.04%, which is statistically insigni�cant). Hence, we remove this
bias and obtain the bias-corrected alpha:

αξ,dr̃q =
1

T

∑
t

(uq,t+1 − uD,t+1) =
1

T

∑
t

[
ξq,t+1 − (λξtβ

ξ
q,t + λdr̃t β

dr̃
q,t)
]
−
[
ξD,t+1 − (λξtβ

ξ
D,t + λdr̃t β

dr̃
D,t)

]
.

(56)

For the dollar factor, the biased-corrected alpha is trivially zero.
28This result is related to Lustig, Roussanov, and Verdelhan (2014), who show that HML carry (6) returns

cannot be predicted by AFD. As we employ a model whose prices of risks are driven by AFD, this model is
likely to indicate that HML carry has abnormal performance.
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performance disappears when using our two-beta ICAPM.

PPP and Value strategies, both utilize information embedded in real exchange rates, are

the only strategies with a positive reward from real-rate-beta risk-taking, meaning that its

real-rate beta is frequently negative. As a general message, if a strategy has a substantially

positive reward for risk-premium-beta risk, or the reward for real-rate beta is not negative

enough, it is unlikely to have a positive abnormal return in our framework.

Like HML strategies, the performance of the momentum strategies also depends on the

momentum signal. The 12m momentum strategy of Asness, Moskwitz, and Pedersen (2013)

does not have abnormal performance detected in any of the three asset pricing models con-

sidered. On the other hand, the 1m momentum strategy has a signi�cantly positive Sharpe

ratio, while αDq = 0.29% (t = 2.89), αD,Cq = 0.29% (t = 2.93), and αξ,dr̃q = 0.18% (t = 1.09).

That is, alpha disappears in our two-beta ICAPM.

As a horse racing, the model with only the dollar factor obtains a signi�cantly positive

alpha in 5 out of 8 trading strategies. The model with both dollar and carry factors obtains

a signi�cantly positive alpha in 4 out of 7 trading strategies. Lastly, our two-beta ICAPM

obtains only one signi�cantly positive alpha, among 8 trading strategies. Although our model

is unable to capture the abnormal performance of HML carry (6), it can explain HML carry

(3) well. On the other hand, neither the model with only the dollar factor, nor the model

with both dollar and carry factors can explain the abnormal performance of HML carry (3).

Note the decomposition of the total reward variability exercise highlights the importance

of including real-rate beta into the currency pricing model. In 5 of the 8 active trading

strategies, the real-rate reward accounts for more than half of the systematic variation, up

to 75.06% (PPP strategy).

Panel B of Table 6 reports the slope coe�cients of the regression of beta on the macroeco-

nomic variable, AFD. A positive slope coe�cient indicates that the beta is countercyclical,

because AFD is countercyclical. Carry strategies (dollar carry, HML carry, and country

carry) all have signi�cantly countercyclical risk-premium betas, and, when combined with
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countercyclical price of risk-premium-beta risk, their reward for risk-premium-beta risk will

be strongly countercyclical. On the other hand, carry strategies and the 12m momentum

strategy have signi�cantly countercyclical real-rate betas. Combined with procyclical price

of real-rate-beta risk, these strategies pay substantial amount to hedge in bad times.

Panel C of Table 6 reports the slope coe�cients of the regression of rewards on AFD. For

the dollar portfolio, the reward for risk-premium-beta risk is countercyclical, and the reward

for real-rate-beta risk is procyclical. In aggregate, the total rewards is countercyclical. 7

of the 8 active strategies share this common pattern, indicating that rewards are primarily

earned in a countercyclical way, especially the dollar carry strategy.

Our analysis of trading strategy risk and reward provides a framework to evaluate per-

formance of trading strategies under changing economic conditions. Although we explicitly

use portfolio weights to calculate risk and reward measures, in practice we do not need port-

folio weights information; as long as portfolio returns are observable, we can easily calculate

time-varying betas.

4 Alternative Reference Currencies versus Cyclicality of

Interest Rates

Our baseline setting assumes that the United States is the home country, and in this section

we switch to another currency as the reference currency. For each country in our data set, one

at a time, we assume it is the home country and form state variables and macroeconomic

variables accordingly, and reestimate the two-beta currency pricing model for the given

reference currency. This exercise is interesting because our key results, in particular that

the real-rate beta is �good beta� and becomes better in bad times, critically ties to the

procyclical feature of the domestic interest rate in the United States (hence countercyclical

interest rate di�erential). The procyclical behavior of interest rate is a stylized fact for
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developed countries, while in emerging markets interest rates are countercyclical (see recent

studies by Durdu, Nunes, and Sapriza, 2013; Fernández and Gulan, 2015, among others).29

We conjecture that real-rate beta remains good beta when a developed country is the home

country, while it can be associated with a positive price of risk when the reference currency

is an emerging market currency.30

Table 7 reports the results for Model (6) (with rolling betas, and time-varying prices

of beta risks driven by AFD) of various reference currencies and shows that the cyclicality

of interest rates does a�ect the results. Note now AFD is de�ned relative to the reference

currency country, instead of the United States. Panel A shows that, when the home country

is a developed country, the results are similar to our baseline results: the risk-premium beta

is a bad beta and gets worse in bad times, whereas the real-rate beta is a good beta and

gets better in bad times. Of the 21 developed country currencies, 16 of them have a positive

λξ0 (among them 9 are signi�cant), and 15 of them have a positive λξAFD (among them 8

are signi�cant). On the other hand, 14 of them have negative λdr̃0 (among them 11 are

signi�cant), and 14 of them have negative λdr̃AFD (among them 6 are signi�cant).31

The results are largely reversed when the home country is an emerging market country.

Panel B shows that, when the home country is an emerging market country, the risk-premium

beta is a good beta and gets better in bad times, whereas the real-rate beta may become

a bad beta and worsen in bad times.32 Of the 13 emerging market country currencies, 9

29When we use a panel regression to regress each country's real activity on its interest rate and on the
interaction of an emerging market dummy and the interest rate, we obtain slope coe�cients of 23.43 and
−73.72, with t-ratios of 2.58 and −8.36, respectively. This evidence validates the procyclical (countercyclical)
pattern of interest rates in developed (emerging market) countries.

30When revisiting the no-arbitrage model, one clearly sees that real-rate beta becomes bad beta when
precautionary savings are absent and domestic interest rates are countercyclical. In this case, χ−(γ2+κ2)/2 >
0 and (τ̄j−τ)−(δ̄2j −δ2)/2 < 0, and Equation (42) shows that risky (low δj) currencies have a higher real-rate
beta, and, hence, it is a bad beta.

31Similarly to our baseline results, the unconditional price of real-rate beta risk is much larger (in absolute
value) than the unconditional price of risk-premium beta risk, across di�erent reference currencies. This
is because, as in our baseline case, the risk-premium betas are much larger than the real-rate betas in
magnitude.

32The no-arbitrage model in Section 1.6 uncovers these implications. When the domestic country's sensi-
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of them have negative λξ0 (among them 7 are signi�cant), 10 of them have positive λξAFD

(among them 8 are signi�cant).33 On the other hand, 8 of them have positive λdr̃0 (among

them 5 are signi�cant), and 7 of them have negative λξAFD (among them 4 are signi�cant).

5 Concluding Remarks

We test a new two-beta ICAPM for currencies featuring betas with respect to international

�nancial market risk-premium news and real-rate news. In this paper, we asked the following

questions: Are the betas associated with signi�cant prices of beta risks? Are there �good

betas� and �bad betas�? Do the prices of risks comove with economic conditions? Finally,

can the model explain rewards from notable currency trading strategies, such as carry trade

and value strategies?

Our empirical investigation assumes the United States as the home country and leads to

the following answers to our research questions. Unconditionally, the risk-premium beta is

the �bad beta,� and the real-rate beta is the �good beta.� Even stronger evidence indicates

that the risk-premium beta is associated with a countercyclical price of risk, whereas the

real-rate beta is associated with a procyclical price of risk, which is, in fact, consistent with

the notion of hedging demand. These empirical results can be reconciled by a simple no-

arbitrage model, which suggests that the betas are time varying and cross-sectionally capture

various exposures to country-speci�c and global shocks and that their prices of risks are also

time varying and governed by U.S. and global volatilities. When analyzing notable currency

trading strategies, we �nd spurious alphas are frequently detected by a model featuring the

dollar factor only, or by a model featuring the dollar factor and the carry factor. When we

apply our model estimates to those trading strategies, we �nd they are in fact unsuccessful:

tivity to a global shock is below average, κjσj,t − κσt > 0, a high κσt currency (which is safe) has higher
risk-premium beta, which�combined with the e�ect of real-rate beta�becomes a good beta (see Equation
(48)).

33When domestic interest rates are countercyclical, AFD is procyclical. See Equation (30) for a theoretical
justi�cation.
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they either bear too much risk or pay too little for hedging.

Our key results are driven by the dominant precautionary savings e�ect in the United

States. Interestingly, these results still hold for most developed countries (when they are

assumed to be the home country), where interest rates are also conventionally procycli-

cal. Conversely, the results are largely reversed�yet still consistent with a theoretical

prediction�when the home country is an emerging market country, where interest rates

are countercyclical.

The rich implications from our model can be applied to currency portfolio choices, per-

formance evaluations for currency trading, costs of capital calculations in international bud-

geting, or other international investment contexts.
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Table 1: Descriptive statistics

This table reports the descriptive statistics for the state variables in the VAR. ξ is the excess
currency return; dr is the interest rate di�erential; dπ is the in�ation di�erential; and s̃ is the
real exchange rate. Panel A reports the cross-sectional average of the mean, the median, the
standard deviation (SD), the minimum, the maximum, and the �rst-order autocorrelation
(AR1). All numbers in panel A, except for AR1 coe�cients, are multiplied by 100. For
presentation purposes, the real exchange rate is calculated based on the assumption that
PPP holds in December 1995. Panel B reports the contemporaneous correlations between
the state variables.

A. Descriptive statistics for state variables

Variable Mean Median SD Min Max AR1
ξ 0.13 0.35 3.14 -14.84 10.63 0.06
dr 0.34 0.17 0.76 -0.38 4.45 0.85
dπ 0.20 0.08 0.82 -2.65 5.33 0.23
s̃ -12.02 -10.42 17.27 -58.91 22.99 0.98

B. Contemporaneous correlations

Correlations ξ dr dπ s̃
ξ 1.00 0.06 -0.01 0.13
dr 0.06 1.00 0.16 0.14
dπ -0.01 0.16 1.00 -0.06
s̃ 0.13 0.14 -0.06 1.00
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Table 2: VAR parameter estimates

Panel A reports estimates from a VAR panel regression using all currencies. The �rst column has the dependent
variables: the currency excess return (ξt+1), the interest rate di�erential (drt+1), the in�ation di�erential (dπt+1),
and the real exchange rate (s̃t+1), all with unconditional means removed. The t-ratios are in parentheses, based
on clustered standard errors following Thompson (2011). F -statistics test the joint signi�cance for all parameter
estimates in the same regression equation, with p-values in the parentheses. Columns 2-7 are full-sample estimates.
Columns 8-13 are time-series averages of 36-month rolling-window estimates/statistics. Panel B reports the
covariance (in basis points, under �Cov Mat�) of currency-market risk-premium news (ηξ) and real-rate news
(ηdr̂), the standard deviations (in percentage, under �SD/Corr,� diagonal terms) of the news components, and the
correlation (in percentage, under �SD/Corr,� o�-diagonal terms) between the news components. Columns 2-5 are
based on full-sample estimates, and Columns 6-9 are time-series averages of 36-month rolling-window estimates.

A. VAR parameter estimates

Full sample Rolling

ξt drt dπt s̃t R2 F -stat ξt drt dπt s̃t R2 F -stat
ξt+1 0.08 0.59 -0.04 -0.02 0.02 51.03 0.05 0.67 -0.07 -0.09 0.09 16.75

(1.98) (3.43) (-0.35) (-3.93) (0.00) (0.55) (1.91) (-0.13) (-2.47) (0.01)
drt+1 -0.00 0.59 0.08 -0.00 0.41 1518.08 -0.00 0.54 -0.01 -0.00 0.44 336.68

(-1.42) (3.53) (2.87) (-1.04) (0.00) (0.08) (7.50) (1.04) (-0.23) (0.01)
dπt+1 -0.03 0.29 0.25 -0.00 0.18 466.98 -0.01 0.08 0.09 -0.01 0.09 21.59

(-3.20) (2.60) (3.49) (-3.82) (0.00) (-1.26) (0.40) (1.00) (-1.98) (0.03)
s̃t+1 0.05 -0.13 0.21 0.98 0.96 49044.36 0.04 -0.25 0.01 0.90 0.83 1021.98

(1.46) (-0.57) (1.29) (170.57) (0.00) (0.43) (-1.02) (0.11) (27.82) (0.00)

B. Dollar factor news

Full sample Rolling

Cov Mat SD/Corr Cov Mat SD/Corr

ηξ ηdr̃ ηξ ηdr̃ ηξ ηdr̃ ηξ ηdr̃

ηξ 4.23 -0.32 2.06 -37.00 3.81 -0.20 1.87 -30.48
ηdr̃ -0.32 0.17 -37.00 0.42 -0.20 0.19 -30.48 0.38
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Table 3: Beta estimates

This table reports each currency's beta estimates and their t-ratios, all estimated by GMM. The row labeled

�Coe�. var.� reports the coe�cient of variation for each type of beta across all currencies. The row labeled

�Corr. w/ βD� reports the cross-sectional correlation with overall betas. The row labeled �Corr. w/ βdr̃�

reports the cross-sectional correlation with real-rate betas. The row labeled �N ×min p� reports the product

of the sample size and the minimum p-value among all individual t-tests. Columns 2-5 are based on full-

sample estimates, and Columns 6-9 are time-series averages of 36-month rolling-window estimates.

Full sample estimates Rolling averages

Risk-premium beta Real-rate beta Risk-premium beta Real-rate beta

Country Estimate t-ratio Estimate t-ratio Estimate t-ratio Estimate t-ratio
Australia 0.88 11.34 0.09 4.73 0.85 5.50 0.09 2.07
Austria 1.12 15.04 0.15 6.72 1.36 20.43 0.15 5.72
Belgium 1.17 16.83 0.14 7.01 1.33 17.38 0.15 6.41
Canada 0.47 8.56 0.05 3.86 0.46 3.43 0.05 1.37
Czech 1.24 19.72 0.14 9.50 1.26 7.91 0.15 3.09
Denmark 1.15 34.23 0.12 9.59 1.16 12.39 0.12 3.67
Finland 1.17 17.34 0.11 5.60 1.33 11.12 0.12 3.64
France 1.13 17.10 0.14 7.01 1.27 17.89 0.15 6.57
Germany 1.14 34.38 0.13 12.31 1.17 12.31 0.13 3.81
Greece 0.92 8.80 0.13 4.57 0.84 9.13 0.17 5.27
Hungary 1.39 15.93 0.16 8.27 1.32 7.72 0.16 3.12
India 0.71 7.58 0.09 4.56 0.69 4.15 0.11 2.13
Indonesia 1.25 4.92 0.16 3.93 1.21 3.59 0.13 1.73
Ireland 1.13 23.85 0.12 8.17 1.18 13.56 0.11 4.13
Italy 1.04 10.37 0.10 4.27 0.90 5.04 0.12 3.29
Japan 0.61 8.02 0.06 4.38 0.69 3.50 0.07 1.30
Kuwait 0.19 5.72 0.02 4.30 0.14 2.87 0.01 1.58
Malaysia 0.52 6.12 0.05 3.07 0.44 3.83 0.04 1.77
Mexico 0.58 5.65 0.07 3.54 0.45 2.67 0.05 1.44
Netherlands 1.13 15.01 0.14 6.30 1.38 18.62 0.14 5.12
New Zealand 0.96 12.97 0.11 7.21 0.97 5.68 0.10 2.19
Norway 1.13 23.55 0.13 9.95 1.17 10.64 0.13 3.23
Philippines 0.50 7.13 0.04 3.50 0.45 3.51 0.04 1.55
Poland 1.32 17.37 0.13 7.15 1.28 9.22 0.14 3.30
Portugal 0.95 8.63 0.12 5.90 1.11 15.89 0.20 7.88
Singapore 0.51 15.72 0.05 5.12 0.52 6.69 0.05 2.44
South Africa 1.09 13.92 0.12 7.34 1.06 5.41 0.11 2.09
South Korea 1.04 10.69 0.11 4.39 0.95 6.50 0.11 2.47
Spain 1.11 13.58 0.11 5.18 1.18 7.62 0.13 4.53
Sweden 1.14 26.96 0.11 9.09 1.16 9.91 0.12 3.16
Switzerland 1.08 19.60 0.12 10.00 1.14 8.11 0.13 3.25
Taiwan 0.35 10.49 0.05 7.79 0.39 3.95 0.04 1.86
Thailand 0.60 6.39 0.06 5.09 0.70 4.80 0.07 2.04
United Kingdom 0.79 12.42 0.10 8.07 0.77 6.72 0.10 2.76
Dollar portfolio 0.90 0.10 0.91 0.09
Coe�. var. 0.33 0.37 0.56 0.51
Corr. w/ βD 1.00 0.96 1.00 0.63
Corr. w/ βdr̃ 0.95 0.60
N ×min p 0.00 0.00 0.00 0.00



Table 4: Prices of beta risks

This table reports results from a panel regression for the two-beta ICAPM for currencies.
λ's are the price of risk measures: the superscript denotes the source of beta risk, including
the risk-premium-beta risk (ξ) and real-rate-beta risk (dr̃); the subscript �0� denotes the
unconditional price of risk; and subscript �AFD� denote the price of risk associated with
average forward discount. The prices of risks and the intercept, interpreted as the risk
premium of a zero-beta portfolio, are expressed as percentages. Beneath the regression
estimates are the t-ratios (in parentheses), based on clustered standard errors following
Thompson (2011). The last column reports pooled root-mean-square pricing errors (RMSE,
in percentage). Models (1) and (4) use �xed betas, and the other models use 36-month rolling
betas.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -0.08 0.32 -0.84 3.282

(-2.20) (3.07) (-1.10)
(2) 0.00 0.11 -0.12 3.066

(0.43) (2.05) (-0.41)
(3) -0.01 0.21 0.37 -0.81 -3.05 3.054

(-0.44) (3.38) (7.75) (-2.55) (-7.14)
(4) 0.19 -0.38 3.282

(1.97) (-0.48)
(5) 0.11 -0.11 3.066

(2.19) (-0.39)
(6) 0.21 0.37 -0.81 -3.05 3.054

(3.42) (7.80) (-2.56) (-7.14)
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Table 5: Prices of beta risks, with bootstrap corrections

This table reports results from a panel regression for the two-beta asset pricing model for
currencies, where the �nite-sample and errors-in-variable biases in point estimates and test
statistics are corrected using 5,000 bootstrapped repetitions under the null of no time-series
return predictability and no cross-sectional dependence across countries. p-values based on
clustered standard errors (in parentheses) and the empirical distribution of the estimates (in
curly brackets) appear under each estimate. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD
(1) -0.09 -0.12 -0.80

(0.33) (0.24) (0.70)
{0.27} {0.79} {0.01}

(2) 0.01 0.11 -0.12
(0.86) (0.12) (0.79)
{0.92} {0.09} {0.11}

(3) -0.01 0.21 0.37 -0.81 -3.05
(0.85) (0.01) (0.00) (0.09) (0.00)
{0.92} {0.00} {0.00} {0.00} {0.00}

(4) -0.39 -0.33
(0.47) (0.85)
{0.89} {0.05}

(5) 0.11 -0.11
(0.07) (0.78)
{0.06} {0.09}

(6) 0.21 0.37 -0.81 -3.06
(0.01) (0.00) (0.07) (0.00)
{0.00} {0.00} {0.00} {0.00}
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Table 6: Risks and rewards for currency trading strategies

This table reports risk and reward measures of 9 currency trading strategies, including the
passive dollar portfolio. The rewards for strategy q are the products of risk-premium or
risk-rate betas (β) and their associated prices of risks (λ), whose superscript denotes the
source of beta risk, including risk-premium-beta risk (ξ) and real-rate-beta risk (dr̃). Panel
A reports the monthly Sharpe ratios, the time-series averages of the monthly excess returns
(in percentage), the time-series averages of the monthly rewards (in percentage), and the
monthly alphas (in percentage; αDq , α

D,C
q , and αξ,dr̃q are based on an asset pricing model with

only the dollar beta, with the dollar and the carry betas, and with the risk-premium and
real-rate betas, respectively), and the variance shares of rewards (in percentage), and their
t-ratios (in parentheses). Panels B and C report the slope coe�cients, above their t-ratios
(in parentheses), of regressions of strategy betas (panel B) or strategy rewards (panel C) on
AFD. All t-ratios are based on Newey-West standard errors.

A. Reward attribution

Sharpe Time-series average Alpha Variance share

ratio ξq λξtβ
ξ
q,t λdr̃t β

dr̃
q,t αDq αD,Cq αξ,dr̃q λξtβ

ξ
q,t λdr̃t β

dr̃
q,t

Dollar carry 0.10 0.21 0.29 -0.21 0.21 0.22 0.09 49.31 50.69
(1.95) (1.72) (9.50) (-7.13) (1.68) (1.73) (0.83) (4.97) (5.10)

HML carry (6) 0.19 0.49 0.09 -0.08 0.50 0.43 47.17 52.83
(3.69) (3.38) (3.70) (-3.41) (3.44) (2.67) (3.13) (3.50)

HML carry (3) 0.14 0.26 0.09 -0.08 0.30 0.27 0.21 87.96 12.04
(2.61) (2.49) (3.03) (-3.37) (2.83) (2.55) (1.58) (3.66) (0.50)

Country-level carry 0.11 0.19 0.07 -0.05 0.23 0.21 0.13 98.02 1.98
(2.21) (2.05) (3.39) (-3.48) (2.55) (2.32) (0.93) (4.87) (0.10)

PPP 0.02 0.02 -0.01 0.03 0.10 0.12 -0.04 24.94 75.06
(0.32) (0.26) (-0.84) (1.79) (1.16) (1.35) (-0.25) (2.13) (6.41)

Value 0.12 0.21 0.01 0.02 0.29 0.30 0.17 47.67 52.33
(2.37) (2.12) (0.31) (0.83) (2.90) (2.90) (1.03) (2.72) (2.99)

12m momentum 0.06 0.12 0.04 -0.07 0.17 0.17 0.10 51.69 48.31
(1.08) (1.14) (1.36) (-2.43) (1.70) (1.71) (0.69) (2.88) (2.70)

1m momentum 0.11 0.22 0.03 -0.04 0.29 0.29 0.18 71.99 28.01
(2.06) (2.26) (1.56) (-2.13) (2.89) (2.93) (1.09) (3.06) (1.19)

Dollar 0.07 0.16 0.19 -0.08 59.42 40.58
(1.43) (1.30) (4.60) (-2.02) (3.73) (2.55)
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B. Regression of beta on macroeconomic variable

βξq,t βdr̃q,t
Dollar carry 59.22 5.85

(6.21) (4.85)
HML carry (6) 14.86 2.17

(2.75) (2.98)
HML carry (3) 16.86 2.06

(3.67) (3.65)
Country-level carry 12.86 1.35

(3.86) (3.56)
PPP -2.84 -0.84

(-0.84) (-1.48)
Value 2.17 -0.45

(0.42) (-0.70)
12m momentum 7.45 2.17

(1.12) (2.64)
1m momentum 6.57 0.98

(1.35) (1.77)
Dollar -0.05 0.05

(-0.08) (0.08)

C. Regression of rewards on macroeconomic variable

λξtβ
ξ
q,t λdr̃t β

dr̃
q,t λξtβ

ξ
q,t + λdr̃t β

dr̃
q,t

Dollar carry 0.21 -0.10 0.10
(7.11) (-2.92) (4.81)

HML carry (6) 0.15 -0.11 0.04
(5.01) (-3.19) (2.65)

HML carry (3) 0.15 -0.11 0.05
(3.92) (-3.17) (3.05)

Country-level carry 0.13 -0.08 0.05
(6.87) (-5.60) (4.59)

PPP 0.01 -0.03 -0.02
(0.67) (-1.42) (-1.05)

12m momentum 0.07 -0.07 0.00
(1.11) (-1.19) (0.03)

1m momentum 0.02 -0.01 0.01
(0.44) (-0.24) (0.60)

Value -0.00 0.04 0.04
(-0.04) (1.14) (1.91)

Dollar 0.34 -0.26 0.08
(150.06) (-13.83) (4.00)
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Table 7: Prices of beta risks, change of reference currency

This table reports results from a panel regression for the two-beta asset pricing model for
currencies with time-varying betas associated with AFD-driven time-varying prices of risks,
using various reference currencies. See the caption to Table 4 for further details.

A. Developed Countries

Home λξ0 λξAFD λdr̃0 λdr̃AFD RMSE

Country Estimate t-ratio Estimate t-ratio Estimate t-ratio Estimate t-ratio
Australia 0.14 1.99 0.87 11.34 -1.76 -5.37 -3.61 -8.34 3.386

Austria 0.13 1.04 0.14 1.11 -0.29 -0.64 1.48 2.16 2.784

Belgium 0.23 2.79 0.13 1.21 -1.99 -2.43 1.19 1.06 2.716

Canada 0.00 0.01 0.39 6.63 0.56 1.93 -1.49 -6.21 3.063

Denmark 0.06 1.22 0.20 3.42 -0.27 -1.19 -0.14 -0.71 2.744

Finland 0.24 3.60 -0.11 -1.59 -1.48 -4.43 -0.23 -0.52 3.129

France 0.11 0.81 0.09 0.57 -1.16 -2.31 -0.32 -0.39 2.737

Germany 0.12 3.57 0.05 1.60 -0.55 -1.98 0.94 3.07 2.747

Greece 0.21 0.85 0.19 0.60 -1.60 -2.66 -2.37 -1.97 3.738

Ireland -0.38 -5.22 -0.11 -1.58 0.56 2.93 -0.28 -2.52 2.747

Italy -0.49 -2.39 0.20 2.06 2.65 2.06 0.41 0.44 2.909

Japan 0.27 8.89 0.16 2.76 0.25 1.18 -0.84 -2.26 3.873

Netherlands 0.25 4.10 0.24 2.17 -1.84 -2.12 0.72 0.58 2.841

New Zealand -0.13 -2.28 -0.01 -0.11 -0.50 -2.40 -0.20 -0.26 3.396

Norway 0.10 3.91 -0.03 -0.75 -0.63 -3.81 -0.37 -1.86 2.944

Portugal -0.64 -1.51 0.14 0.36 3.74 1.49 0.63 0.31 3.489

Singapore -0.01 -0.24 -0.05 -1.37 0.66 4.23 -0.19 -0.68 2.625

Spain 0.43 1.85 -0.43 -4.54 -3.97 -3.25 3.48 6.43 2.953

Sweden 0.05 1.09 0.26 6.17 0.19 0.75 -0.10 -0.46 2.974

Switzerland 0.16 4.59 0.50 10.66 -0.36 -1.08 -1.13 -4.56 3.040

United Kingdom 0.24 5.91 0.11 1.54 -0.80 -3.79 -0.12 -0.48 3.096

B. Emerging Market Countries

Home λξ0 λξAFD λdr̃0 λdr̃AFD RMSE

Country Estimate t-ratio Estimate t-ratio Estimate t-ratio Estimate t-ratio
Czech -0.23 -2.16 0.38 4.45 0.40 0.77 -0.11 -0.67 3.248

Hungary -0.11 -2.50 0.06 0.50 -0.33 -1.05 0.07 0.24 3.485

India -0.97 -16.65 0.57 6.09 0.50 3.97 -1.51 -3.03 2.448

Indonesia -0.32 -10.44 0.90 23.61 0.25 0.78 3.45 9.26 4.040

Kuwait -0.05 -1.83 -0.01 -0.30 0.92 3.99 -0.83 -4.95 2.812

Malaysia 0.31 6.33 -0.36 -4.88 -0.71 -3.00 0.12 0.41 4.373

Mexico -0.08 -2.26 0.89 21.89 -3.55 -16.80 4.03 9.84 3.455

Philippines -0.04 -1.42 0.14 2.77 0.26 2.31 -0.17 -0.61 2.953

Poland -0.58 -3.77 0.30 2.31 2.59 3.82 1.45 4.08 3.423

South Africa 0.13 3.70 0.45 9.41 -0.81 -3.09 -0.07 -0.39 4.119

South Korea -0.10 -2.83 -0.01 -0.26 0.37 1.08 1.69 4.70 3.181

Taiwan 0.01 0.27 0.06 1.04 0.97 3.61 -0.46 -2.01 2.856

Thailand 0.08 1.70 0.25 6.95 -1.08 -2.40 -1.20 -6.67 3.700
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Figure 1: Dollar factor news, rolling estimates

This �gure plots the time series of risk-premium news of the dollar portfolio (top), the real-
rate news of the dollar portfolio (middle), and their correlations (bottom), using a 36-month
rolling window. The plotted news components are the last observations of each moving
window. For illustration purposes, the news components are exponentially smoothed using
a decay factor of 0.92 and then standardized.
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Figure 2: Betas, rolling estimates

This �gure plots the time series of the risk-premium beta for the dollar portfolio (top), the
real-rate beta for the dollar portfolio (middle), and the cross-sectional correlation between
risk-premium and real-rate betas of all currencies (bottom). All betas are 36-month rolling
estimates.
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Figure 3: Prices of beta risk

This �gure plots the time series of the prices of risk-premium-beta risk (top) and of real-
rate-beta risk (bottom).
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Figure 4: Rewards for beta risk, dollar factor

This �gure plots the time-series of the ex ante reward (i.e., the product of beta and its price
of risk) for risk-premium-beta risk (top), and the ex ante reward for the real-rate-beta risk
(middle), both for the dollar factor, as well as the sum of the two rewards (bottom).
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Figure 5: Empirical distribution of prices of beta risks under the no-predictability no-
dependence null

This �gure uses a Gaussian kernel to plot the bootstrapped distribution of the coe�cient
associated with the risk-premium beta (top left), the interaction of risk-premium beta and
AFD (bottom left), the real-rate beta (top right), and the interaction between real-rate
beta and AFD (bottom right), under the null of no time-series return predictability and no
cross-currency dependence. Asterisks indicate the sample estimates.
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IA.1 Present Value Decomposition of Real Exchange Rates

We drop the currency subscript j for brevity. Iterate Equation (2) forward and sum

T∑
i=1

ξt+i =
T∑
i=1

∆s̃t+i +
T∑
i=1

dr̃t+i = s̃t+T − s̃t +
T∑
i=1

dr̃t+i. (IA.1)

Take conditional expectations; let T →∞; and rearrange

s̃t − Et(s̃t+∞) = −
∞∑
i=1

Et(ξt+i) +
∞∑
i=1

Et(dr̃t+i). (IA.2)

Assume Et(s̃t+∞) = E(s̃),

s̃t − E(s̃) = −
∞∑
i=1

Et(ξt+i) +
∞∑
i=1

Et(dr̃t+i), (IA.3)

which is Equation (5).
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IA.2 Decomposing Currency Return Innovations

Given Equations (2) and (5), the excess currency return is

ξt+1 = ∆s̃t+1 + dr̃t+1 = s̃t+1 − s̃t + dr̃t+1

= E(s̃)−
∞∑
i=1

Et+1(ξt+1+i) +
∞∑
i=1

Et+1(dr̃t+1+i)

−

[
E(s̃)−

∞∑
i=1

Et(ξt+i) +
∞∑
i=1

Et(dr̃t+i)

]
+ dr̃t+1

= −
∞∑
i=1

(Et+1 − Et)ξt+1+i +
∞∑
i=1

(Et+1 − Et)dr̃t+1+i

− [−Et(ξt+1) + Et(dr̃t+1)] + dr̃t+1, (IA.4)

where the operator (Et+1−Et) �nds changes of conditional expectations due to an updated

information set, that is, (Et+1 −Et)Xt+i ≡ Et+1(Xt+i)−Et(Xt+i). Rearrange the following:

ξt+1 − Et(ξt+1) = −
∞∑
i=1

(Et+1 − Et)ξt+1+i +
∞∑
i=1

(Et+1 − Et)dr̃t+1+i + dr̃t+1 − Et(dr̃t+1)

= −
∞∑
i=1

(Et+1 − Et)ξt+1+i︸ ︷︷ ︸
risk-premium news

+
∞∑
i=1

(Et+1 − Et)dr̃t+i︸ ︷︷ ︸
real-rate news

(IA.5)

≡ −ηξt+1 + ηdr̃t+1, (IA.6)

which is Equation (8).
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IA.3 From VAR to News

According to the VAR model in Equation (9), the risk-premium news is

ηξt+1 = ι>1 [(I −B)−1Byt+1 − (I −B)−1B2yt] (IA.7)

= ι>1 [(I −B)−1B](yt+1 −Byt) (IA.8)

= ι>1 [(I −B)−1B]εt+1, (IA.9)

where ιi is a selection vector with the ith element being 1 and 0 otherwise. The real-rate

news is

ηdr̃t+1 = ι>2 [yt + (I −B)−1yt+1 − yt − (I −B)−1Byt]

− ι>3 [(I −B)−1yt+1 − (I −B)−1Byt] (IA.10)

= ι>2 [(I −B)−1](yt+1 −Byt)− ι>3 [(I −B)−1](yt+1 −Byt) (IA.11)

= ι>2 [(I −B)−1]εt+1 − ι>3 [(I −B)−1]εt+1 (IA.12)

= (ι2 − ι3)>[(I −B)−1]εt+1. (IA.13)

IA.4 No-Arbitrage Model and Forward Premium Puzzle

To accommodate the forward premium puzzle, we need

cov[Et(ξj,t+1), r̃j,t − r̃t] = −1

2
(γ2 + κ2)

[
χ− 1

2
(γ2 + κ2)

]
var(σ2

t )

− 1

2
(δ2j − δ2)

[
(τj − τ)− 1

2
(δ2j − δ2)

]
var(σ2

w,t) > 0, (IA.14)
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which works particularly well for currencies with a large departure (either positive or nega-

tive) from the U.S. interest rate. A su�cient condition for the above inequality is

(δ2j − δ2)(τj − τ) < 0. (IA.15)

IA.5 GMM Standard Errors of Betas

Note one can assess the statistical signi�cance of the betas directly. Take the risk-premium

beta as an example:

βξj =
cov[ξj,t+1 − Et(ξj,t+1),−ηξD,t+1]

var[ξD,t+1 − Et(ξD,t+1)]
. (IA.16)

Because innovation and the news are both mean zero, we can �nd beta as

βξj = ψ1(ψ2)
−1, (IA.17)

ψ1 = T−1
∑
t

g1,t+1,where g1,t+1 = −ηξD,t+1[ξj,t+1 − Et(ξj,t+1)], (IA.18)

ψ2 = T−1
∑
t

g2,t+1,where g2,t+1 = [ξD,t+1 − Et(ξD,t+1)]
2, (IA.19)
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and its variance as

var(βξj ) = ∇>cov(ψ)∇, (IA.20)

cov(ψ) = T−1cov(et),where ψ = (ψ1 ψ2)
>, et = (e1,t e2,t)

> (IA.21)

e1,t+1 = g1,t+1 − ψ1, (IA.22)

e2,t+1 = g2,t+1 − ψ2, (IA.23)

∇ = [(ψ2)
−1 − ψ1(ψ2)

−2]>. (IA.24)

For βdr̃j , set g1,t+1 = ηdr̃D,t+1[ξj,t+1 − Et(ξj,t+1)], and the other steps follow.

IA.6 Bias-Corrected VAR

We use the following procedure to correct the bias in VAR estimates.

1. For a given sample (a rolling window for the rolling beta cases or the full sample for

the �xed beta case), use the sample estimate B̂ to form the panel of VAR residuals

ε̂j,t.

2. Create a bootstrapped panel data set:

(a) Set ybj,0 to a vector of zeros.

(b) Randomly draw a 4× 1 vector from ε̂j,t, call it εbj,1, and form ybj,1 = B̂ybj,0 + εbj,1.

(c) Repeat and iterate forward W + Tj times to obtain a time series of W + Tj

observations and discard the �rst W observations, where W = 60 is the length of

the warm-up period.
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(d) Add E(y†j) to yj,t to form (y†j,t)
b. This is a bootstrapped sample of (y†j,t)

b for

currency j with Tj observations.

(e) Repeat the above steps for all currencies and construct the whole panel. The

bootstrapped data are aligned in the same way as in the original data set, which

has the same data availability as the original data.

3. Estimate a VAR using the bootstrapped sample and obtain B̂b. Discard it and restart

if the largest eigenvalue of B̂b, in absolute terms, is greater than 1.

4. Repeat the above procedure until N b = 5, 000 estimates of stationary B̂b are obtained.

5. The bias-corrected VAR estimates will be B̂C = 2B̂ −
∑
B̂b/N b. Use B̂C in place of

B̂ when proceeding with the rest of the analysis.

IA.7 Bootstrap Correction for Errors-in-Variable and Finite-

Sample Biases

We use the following procedure to correct the biases in price of risk point estimates and their

p-values.
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1. Form the panel of VAR residuals using the following restricted VAR estimates:

B̌ =



0>

ι>2 B̂

ι>4 (B̂ − I)− ι>2

ι>4 B̂


, (IA.25)

ε̌j,t = [ι1 (ι4 − ι3) ι3 ι4]
> ×

[
yj,t − B̌yj,t−1

]
, (IA.26)

where B̂ is the full sample unrestricted VAR estimate. This formulation, motivated

by Cochrane (2008) and Balduzzi and Chiang (2020), removes the time-series return

predictability.

2. Follow Item 2 in Appendix IA.6 to construct a bootstrapped panel data set, replacing

B̂ with B̌ and εbj,t with ε̌j,t. This restriction again follows Cochrane (2008) and Balduzzi

and Chiang (2020). Because we simulate state variables country by country, we do not

preserve cross-sectional dependence.

3. Use the bootstrapped sample to calculate point estimates (λ̂b) and test statistics (t̂b).

4. Repeat the above procedure for N b times.

5. Correct parameter estimates and test statistics (original sample estimates are denoted

by a hat � �̂):

� Correct the bias of λ: the bias-corrected λ is λ̂− (N b)−1
∑
λ̂b, which is under the

null of λ = 0.

� Bootstrapped p-value based on simulated distribution: Calculate the p-value
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based on the distribution of λ̂b. For two-tail tests, the p value is 2×Prob(λ̂b < λ̂)

when Prob(λ̂b < λ̂) ≤ 1/2, or 2[1−Prob(λ̂b < λ̂)] when Prob(λ̂b < λ̂) > 1/2.

IA.8 Robustness Checks

IA.8.1 Augmented test asset space

Lewellen, Nagel, and Shanken (2010) suggest including a traded factor in the test assets

to improve the tests of asset pricing models. In our context, we add the excess return of

the dollar factor to the dependent variable and add the risk-premium and real-rate betas

of the dollar factor to the explanatory variables. Our results, available in Table IA.1, are

strengthened: unconditionally, the risk-premium-beta is a bad beta, and the real-rate beta

is a good beta. The price of risk-premium-beta risk is countercyclical, and the price of

real-rate-beta risk is procyclical, when AFD is the driver. The point estimates are nearly

una�ected, and statistical signi�cance is strengthened. These results indicate that our main

results are robust to the Lewellen, Nagel, and Shanken (2010) augmentation of the test asset

space.

IA.8.2 Controlling for currency-speci�c attributes

We add the following currency-speci�c anomaly variables in our model, one at a time: the

interest rate di�erential, momentum, and value. In addition, motivated by Ferson and

Harvey (1999), we also control for the predictive component of currency excess returns, that

is, ι>1 B̂tyj,t. None of them changes our main results, and only the interest rate di�erential

has robust and signi�cant explanatory power. Tables IA.2, IA.3, IA.4, and IA.5 provide the
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above results.

IA.8.3 Controlling for betas with other factors

One common cure for the ��at dollar beta versus premium� problem is to include a �carry�

factor as the second factor (e.g., Lustig, Roussanov, and Verdelhan (2011); Brusa, Ramado-

rai, and Verdelhan (2017); Verdelhan (2018), among others). We add beta with respect to

the carry factor of Verdelhan (2018), that is, a high-minus-low portfolio from six forward-

discount-sorted portfolios, to our existing two-beta ICAPM and perform the analysis in

Section 2.4. Our main results remain robust, and the carry beta is associated with a signi�-

cantly positive price of risk. Given that carry beta captures similar attributes as the real-rate

beta does in the no-arbitrage model, the positive price of carry beta risk is counterintuitive.

We further decompose a carry beta into a risk-premium portion and a real-rate portion,

similar to our baseline dollar beta decomposition. When we control for these decomposed

carry betas, with �xed or time-varying prices risks, our main results are unaltered. The

risk-premium portion of the carry beta behaves very similarly to the overall carry beta, and

the real-rate portion of the carry beta does not help explain the currency risk premiums.

We also consider the global dollar beta, proposed by Verdelhan (2018). Results are

unaltered, when we only control for the global dollar beta or for both the carry and the

global dollar betas.

Atanasov and Nitschka (2015) use the �cash-�ow beta� and the �discount-rate beta� to

capture the cross-market comovement between currency returns and equity-market news.

When we include these two betas in our model, our main results are still robust, and the

two betas are associated with statistically insigni�cant prices of risks, with signs sensitive to

model speci�cations. Interestingly, when betas are time-varying, the Atanasov and Nitschka
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(2015) results are reversed, i.e., cash-�ow betas are good betas, and discount-rate betas are

bad betas. Results can be consistent with Atanasov and Nitschka (2015) results only when

betas are constant, but the model is likely misspeci�ed.

Motivated by Lustig and Verdelhan (2007), we also control for betas with respect to

U.S. consumption growth, which is the log growth rate of CPI-de�ated per capita personal

consumption expenditures. The consumption beta is associated with a negative price of risk

for time-varying beta cases. Our main results remain robust.

Gao, Lu, and Song (2019) construct �GRIX� and �FXRIX� indexes to capture global or

currency ex ante tail risk concerns. When we add a beta with respect to GRIX or FXRIX

in our model, we �nd these tail risk betas are associated with signi�cantly negative prices

of risk, consistent with the �ndings of Gao, Lu, and Song (2019). Our results are robust

or strengthened; in particular, the unconditional prices of risk-premium and real-rate risks

become even more statistically signi�cantly.

Lastly, we also experiment with replacing the risk-premium betas by the overall dollar

betas, and the real-rate betas remain good betas.

Tables IA.6, IA.7, IA.8, IA.9, IA.10, IA.11, IA.12, IA.13, IA.14, and IA.15 provide the

above mentioned results.

IA.8.4 Bias correction of VAR estimates

We use a simulation to correct the bias in the VAR estimates. Section IA.6 details the

simulation procedure, which is motivated by Bekaert, Hodrick, and Marshall (1997) and

allows for nonnormality in the innovations. With the bias correction, our results remain

qualitatively unaltered. See Table IA.16 for details.
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IA.8.5 Portfolio-level analysis

We analyze the sorted portfolios and �nd qualitatively similar results. Following Lustig,

Roussanov, and Verdelhan (2011), we sort currencies into six portfolios by their interest rate

di�erentials. The results show that high interest rate currencies have a high risk-premium

beta and a high real-rate beta in the full sample. The panel regression evidence shows that

the risk-premium beta is a bad beta, and the real-rate beta is a good beta. The prices of

risks display patterns similar to that for individual currencies.

We replicate the same analyses using momentum, value, or real exchange rate sorted

portfolios. The results for the beta estimates show that the relation between betas and

momentum, value, or real exchange rate is no longer monotonic. The tests of the two-beta

currency pricing model produce results qualitatively similar to our baseline results.

Tables IA.17, IA.18, IA.19, IA.20, IA.21, IA.22, IA.23, and IA.24 provide the detailed

results. Note some portfolio-level results in these tables, mainly the estimates of the uncon-

ditional prices of beta risks, may become statistically weaker than the baseline results. We

attribute it to a sample size issue because forming portfolios results in a signi�cant reduc-

tion of the number of available observations. These estimates remain economically signi�cant

because their magnitudes and signs are qualitatively consistent with the baseline results.

IA.8.6 Other estimation methods

We follow the currency pricing literature to use a 36-month rolling-window when estimating

time-varying betas. Results are robust or strengthened when we use other window lengths.

See Tables IA.25 and IA.26 for 48-month and 60-month cases.

So far whenever we estimate the two-beta currency pricing model in Equation (51), we
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use a panel regression, instead of the familiar cross-sectional regression, because the latter

cannot handle models with common variations in the cross-section (e.g., AFD). One work-

around is to implement the following two-step procedure, which is loosely motivated by

Brennan, Chordia, and Subrahmanyam (1998):1 the �rst step is to run a panel regression of

excess currency returns on the interactions between betas and macroeconomic variable(s),

ξj,t+1 = [λξz]
>βξj,tzt + [λdr̃z ]>βdr̃j,tzt + uauxj,t+1, (IA.27)

and report the point estimates (λz) and their t-ratios based on clustered standard errors. In

the second step, we run feasible-generalized-least-squares cross-sectional regressions of the

panel regression residuals on a constant and the betas,

ûauxj,t+1 = a+ λξ0β
ξ
j,t + λdr̃0 β

dr̃
j,t + ucsrj,t+1, (IA.28)

and report the point estimates (intercept and λ0) and their t-ratios based on Fama-MacBeth

standard errors; note the Shanken adjustment is not directly applicable here because of

the way the betas are de�ned. This procedure obtains results qualitatively similar to the

baseline results (see Table IA.27 for the details). For example, when there is no intercept and

AFD is the macroeconomic variable, the risk-premium beta is a bad beta, associated with

a signi�cantly positive unconditional price of risk, and a countercyclical conditional price

of risk; the real-rate beta is a good beta, associated with a negative (though insigni�cant)

unconditional price of risk, and a procyclical conditional price of risk.

1Brennan, Chordia, and Subrahmanyam (1998) �rst run a time-series regression of stock returns on the
factors of an assumed beta-pricing model, and save the residuals. Then they run a cross-sectional regression
of the residuals on a constant and an array of characteristics. Similarly, our �rst step removes the common
variation, and our second step runs a cross-sectional regression.
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Yet another way to test the two-beta currency pricing model in Equation (51) is to run

time-series regressions on each individual currency; this method is motivated by Chan, Yang,

and Zhou (2018). Speci�cally, we estimate Model (6) at the currency level:

ξj,t+1 = (λξ0,j + λξAFD,jAFDt)β
ξ
j,t + (λdr̃0,j + λdr̃AFD,jAFDt)β

dr̃
j,t + uj,t+1, (IA.29)

where all λ's are indexed by j, because we have separate sets of estimates for di�erent

currencies. The results (detailed in Table IA.28) show that, of the total 34 currencies, λξ0,j

is signi�cantly positive for 9 currencies and λξAFD,j is signi�cantly positive for 10 currencies.

On the other hand, λdr̃0,j is signi�cantly negative (positive) for only 3 (2) currencies, whereas

λdr̃AFD,j is signi�cantly negative for 14 currencies. This evidence is consistent with our main

results. We also run the time-series regression using the dollar portfolio (this is related to

the intuition for the signs of the prices of risks in the theory section) and obtain essentially

the same results as the main results.

IA.8.7 Orthogonal betas and state variables

Table IA.29 reports the results for the two-beta currency pricing model, where the risk-

premium betas are orthogonal to the real-rate betas. The results are qualitatively similar

to the main results. Table IA.30 decomposes the state variable AFD into a component

related to the real activity, i.e., the projection of AFD onto real activities, and an orthogonal

component. The results show that both the �tted and orthogonal components drive the

time-variation in conditional prices of beta risks with consistent signs. Note Models (i) to

(vi) do not correspond to Models (1) to (6) of other tables, because we exclude the models

with �xed prices of beta risks in Table IA.30.
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Table IA.1: Prices of beta risks, with augmented test asset space

This table reports results from a panel regression for the two-beta asset pricing model for
currencies, with an augmented test asset space like in Lewellen, Nagel, and Shanken (2010).
See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -0.08 0.32 -0.88 3.242

(-2.18) (3.13) (-1.16)
(2) 0.01 0.11 -0.14 3.028

(0.68) (2.16) (-0.49)
(3) -0.00 0.21 0.38 -0.82 -3.08 3.016

(-0.30) (3.52) (8.18) (-2.69) (-7.47)
(4) 0.19 -0.41 3.242

(2.05) (-0.52)
(5) 0.12 -0.13 3.028

(2.35) (-0.47)
(6) 0.21 0.38 -0.83 -3.08 3.016

(3.61) (8.23) (-2.70) (-7.47)
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Table IA.2: Prices of beta risks, controlling for the nominal interest rate di�erential

This table reports results from a panel regression for the two-beta asset pricing model for
currencies, while controlling for the nominal interest rate di�erential. See Table 4 caption
for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD dr RMSE
(1) -0.07 0.48 -3.60 56.59 3.273

(-1.70) (4.11) (-3.24) (7.16)
(2) -0.07 0.09 -0.16 65.15 3.058

(-5.52) (1.84) (-0.54) (11.52)
(3) -0.07 0.17 0.32 -0.87 -3.16 66.60 3.046

(-5.37) (3.00) (6.94) (-2.86) (-7.91) (11.60)
(4) 0.37 -3.19 56.65 3.273

(3.29) (-2.85) (7.19)
(5) 0.04 -0.20 63.43 3.058

(0.85) (-0.70) (11.42)
(6) 0.12 0.32 -0.91 -3.17 65.11 3.047

(2.29) (7.02) (-3.02) (-8.03) (11.31)
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Table IA.3: Prices of beta risks, controlling for momentum

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for momentum. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD Momentum RMSE
(1) -0.03 0.47 -2.66 -0.41 3.253

(-0.75) (3.46) (-2.61) (-1.20)
(2) 0.00 0.11 -0.12 -0.17 3.066

(0.35) (2.01) (-0.42) (-0.58)
(3) -0.01 0.21 0.37 -0.81 -3.05 -0.01 3.054

(-0.45) (3.24) (7.74) (-2.53) (-7.51) (-0.04)
(4) 0.41 -2.44 -0.41 3.253

(3.42) (-2.43) (-1.20)
(5) 0.12 -0.12 -0.17 3.066

(2.12) (-0.41) (-0.59)
(6) 0.21 0.37 -0.81 -3.05 -0.01 3.054

(3.27) (7.79) (-2.55) (-7.51) (-0.03)

16



Table IA.4: Prices of beta risks, controlling for value

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for value. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD V alue RMSE
(1) -0.17 0.42 -1.36 0.41 3.096

(-4.34) (4.27) (-1.83) (3.02)
(2) -0.08 0.16 -0.02 0.33 3.049

(-6.32) (3.48) (-0.07) (3.31)
(3) -0.07 0.44 0.63 -1.19 -3.07 0.18 3.034

(-5.43) (10.93) (17.92) (-4.66) (-9.38) (1.48)
(4) 0.13 -0.22 0.40 3.096

(1.33) (-0.28) (2.91)
(5) 0.10 -0.08 0.31 3.050

(2.24) (-0.31) (3.24)
(6) 0.38 0.63 -1.24 -3.07 0.16 3.034

(9.50) (17.95) (-4.99) (-9.45) (1.37)
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Table IA.5: Prices of beta risks, controlling for return predictability

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for the predictable component of currency excess returns using
lagged instruments. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD Forecast RMSE
(1) -0.11 0.39 -1.61 0.71 3.285

(-2.80) (3.30) (-1.80) (3.33)
(2) 0.02 0.11 -0.13 -0.05 3.066

(1.16) (2.04) (-0.45) (-0.60)
(3) 0.01 0.21 0.37 -0.82 -3.06 -0.05 3.054

(0.40) (3.41) (7.78) (-2.63) (-7.19) (-0.50)
(4) 0.20 -0.80 0.49 3.285

(1.90) (-0.90) (1.99)
(5) 0.12 -0.12 -0.04 3.066

(2.22) (-0.41) (-0.50)
(6) 0.22 0.37 -0.82 -3.06 -0.04 3.054

(3.53) (7.82) (-2.60) (-7.16) (-0.49)
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Table IA.6: Prices of beta risks, controlling for carry beta

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for beta with respect to the carry factor. See the caption to
Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD Carry RMSE
(1) -0.09 0.20 -0.27 0.19 3.064

(-3.31) (2.24) (-0.38) (4.94)
(2) 0.03 0.07 -0.20 0.19 3.064

(2.08) (1.35) (-0.70) (4.56)
(3) 0.03 0.15 0.38 -0.97 -3.28 0.25 3.051

(1.92) (2.80) (7.98) (-3.19) (-8.33) (5.80)
(4) 0.04 0.37 0.19 3.064

(0.53) (0.51) (5.01)
(5) 0.09 -0.18 0.19 3.064

(1.88) (-0.63) (4.58)
(6) 0.17 0.38 -0.95 -3.28 0.24 3.051

(3.43) (7.98) (-3.09) (-8.22) (5.74)
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Table IA.7: Prices of beta risks, controlling for decomposed carry betas

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for risk-premium and real-rate betas with respect to the carry
factor. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD Carryξ Carrydr̃ RMSE
(1) -0.12 0.17 0.15 0.33 -2.36 3.281

(-3.90) (1.16) (0.14) (3.76) (-2.51)
(2) 0.02 0.07 -0.19 0.20 -0.04 3.064

(1.74) (1.42) (-0.70) (3.42) (-0.08)
(3) 0.04 0.15 0.39 -0.99 -3.35 0.22 0.74 3.050

(2.71) (2.68) (8.60) (-3.19) (-8.02) (4.15) (1.30)
(4) 0.04 0.48 0.26 -1.81 3.282

(0.22) (0.37) (2.31) (-1.53)
(5) 0.09 -0.18 0.20 -0.06 3.064

(1.89) (-0.64) (3.41) (-0.12)
(6) 0.18 0.39 -0.96 -3.34 0.22 0.71 3.050

(3.43) (8.59) (-3.06) (-7.86) (4.09) (1.22)
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Table IA.8: Prices of beta risks, controlling for decomposed carry betas associated with a time-varying price of
risk

This table reports results of a panel regression for the two-beta asset pricing model for currencies, while controlling
for risk-premium and real-rate betas with respect to the carry factor, associated with time-varying price of risk.
See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD Carryξ0 CarryξAFD Carrydr̃0 Carrydr̃AFD RMSE
(1) -0.12 0.17 0.15 0.33 -2.36 3.281

(-3.90) (1.16) (0.14) (3.76) (-2.51)
(2) 0.02 0.07 -0.19 0.20 -0.04 3.064

(1.74) (1.42) (-0.70) (3.42) (-0.08)
(3) 0.04 0.18 0.49 -0.87 -3.33 0.14 -0.48 0.41 0.26 3.041

(2.84) (2.72) (8.41) (-2.46) (-6.80) (2.62) (-5.63) (0.69) (0.55)
(4) 0.04 0.48 0.26 -1.81 3.282

(0.22) (0.37) (2.31) (-1.53)
(5) 0.09 -0.18 0.20 -0.06 3.064

(1.89) (-0.64) (3.41) (-0.12)
(6) 0.22 0.49 -0.84 -3.32 0.14 -0.48 0.38 0.28 3.041

(3.38) (8.41) (-2.36) (-6.67) (2.59) (-5.49) (0.63) (0.59)
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Table IA.9: Prices of beta risks, controlling for the global dollar beta

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for beta with respect to the global dollar factor. See the caption
to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD Global RMSE
(1) -0.10 0.34 -0.45 -0.06 3.282

(-2.83) (3.23) (-0.59) (-1.23)
(2) -0.00 0.14 -0.08 -0.06 3.066

(-0.03) (1.32) (-0.24) (-0.24)
(3) -0.03 0.34 0.38 -0.66 -3.06 -0.24 3.053

(-2.40) (3.47) (8.36) (-1.74) (-7.31) (-1.02)
(4) 0.19 -0.40 0.00 3.282

(1.95) (-0.50) (0.06)
(5) 0.14 -0.08 -0.06 3.066

(1.35) (-0.24) (-0.24)
(6) 0.31 0.38 -0.70 -3.06 -0.21 3.053

(3.18) (8.39) (-1.85) (-7.34) (-0.91)
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Table IA.10: Prices of beta risks, controlling for the global dollar and carry betas

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for betas with respect to the global dollar factor and the carry
factor. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD Global Carry RMSE
(1) -0.14 0.48 -1.27 -0.11 0.13 3.282

(-3.51) (3.95) (-1.85) (-1.39) (3.11)
(2) 0.02 0.08 -0.18 -0.02 0.19 3.064

(1.77) (0.65) (-0.53) (-0.09) (4.54)
(3) 0.01 0.25 0.39 -0.86 -3.29 -0.17 0.24 3.051

(0.56) (2.17) (8.57) (-2.28) (-8.47) (-0.66) (5.80)
(4) 0.25 -1.01 -0.02 0.10 3.282

(2.40) (-1.29) (-0.29) (2.34)
(5) 0.11 -0.15 -0.04 0.19 3.064

(0.93) (-0.45) (-0.17) (4.59)
(6) 0.26 0.39 -0.85 -3.28 -0.18 0.24 3.051

(2.40) (8.63) (-2.27) (-8.43) (-0.70) (5.83)
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Table IA.11: Prices of beta risks, controlling for the equity cash-�ow and discount-rate betas

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for betas with respect to equity market cash-�ow and discount-
rate news. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD λCF λDR RMSE
(1) -0.12 0.30 -0.84 0.72 0.03 3.281

(-4.31) (3.85) (-1.34) (3.22) (0.09)
(2) 0.02 0.11 -0.16 -0.85 0.47 3.061

(1.26) (1.72) (-0.56) (-2.75) (2.84)
(3) 0.01 0.19 0.33 -0.84 -3.09 -0.90 0.37 3.049

(0.71) (2.63) (6.19) (-2.80) (-7.47) (-2.55) (1.96)
(4) 0.10 0.03 0.87 -0.41 3.281

(1.31) (0.04) (3.43) (-0.96)
(5) 0.12 -0.14 -0.85 0.47 3.061

(1.92) (-0.52) (-2.77) (2.84)
(6) 0.20 0.33 -0.84 -3.09 -0.90 0.37 3.049

(2.78) (6.21) (-2.78) (-7.45) (-2.56) (1.96)
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Table IA.12: Prices of beta risks, controlling for the consumption beta

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for beta with respect to U.S. consumption growth. See the
caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD Consumption RMSE
(1) -0.11 0.48 -2.18 0.08 3.282

(-3.07) (4.87) (-2.84) (7.28)
(2) 0.00 0.15 -0.03 -0.08 3.063

(0.04) (2.40) (-0.11) (-3.85)
(3) -0.00 0.23 0.34 -0.74 -3.13 -0.08 3.051

(-0.11) (3.40) (6.83) (-2.43) (-7.09) (-3.29)
(4) 0.29 -1.34 0.06 3.282

(2.80) (-1.54) (5.12)
(5) 0.15 -0.03 -0.08 3.063

(2.50) (-0.11) (-3.85)
(6) 0.23 0.34 -0.74 -3.13 -0.08 3.051

(3.51) (6.87) (-2.44) (-7.09) (-3.29)
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Table IA.13: Prices of beta risks, controlling for the GRIX beta

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for beta with respect to the global ex ante tail risk concerns
index (GRIX). See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD GRIX RMSE
(1) -0.00 0.57 -3.31 -35.60 3.232

(-0.00) (3.40) (-2.29) (-6.97)
(2) 0.06 0.26 -0.53 -4.63 3.252

(1.98) (5.14) (-1.83) (-2.78)
(3) -0.01 0.53 0.51 -1.00 -1.95 -5.23 3.238

(-0.45) (12.54) (8.19) (-3.84) (-3.67) (-2.48)
(4) 0.57 -3.31 -35.60 3.232

(3.33) (-2.24) (-6.97)
(5) 0.30 -0.48 -4.54 3.252

(6.34) (-1.73) (-2.63)
(6) 0.52 0.51 -1.01 -1.96 -5.23 3.238

(12.46) (8.22) (-4.01) (-3.70) (-2.50)
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Table IA.14: Prices of beta risks, controlling for the FXRIX beta

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while controlling for beta respect to foreign exchange ex ante tail risk concerns
index (FXRIX). See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD FXRIX RMSE
(1) 0.03 0.38 -1.24 -0.13 3.233

(0.40) (2.03) (-0.75) (-7.44)
(2) -0.09 0.47 -0.65 -0.15 3.243

(-2.66) (6.56) (-2.56) (-8.09)
(3) -0.10 0.61 0.42 -1.04 -2.39 -0.13 3.234

(-2.61) (11.42) (6.50) (-4.14) (-5.15) (-5.71)
(4) 0.44 -1.53 -0.13 3.233

(2.34) (-0.91) (-7.93)
(5) 0.40 -0.69 -0.14 3.243

(6.59) (-2.82) (-6.48)
(6) 0.54 0.42 -1.09 -2.40 -0.12 3.234

(11.95) (6.32) (-4.59) (-5.26) (-4.78)
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Table IA.15: Prices of beta risks, dollar and real-rate betas

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, where the risk-premium betas are replaced by dollar betas. See the caption to
Table 4 for further details.

Model Intercept λD0 λDAFD λdr̃0 λdr̃AFD RMSE
(1) -0.08 0.32 -1.16 3.282

(-2.20) (3.07) (-1.35)
(2) 0.00 0.11 -0.23 3.066

(0.43) (2.05) (-0.67)
(3) -0.01 0.21 0.37 -1.02 -3.43 3.054

(-0.44) (3.38) (7.75) (-2.73) (-7.44)
(4) 0.19 -0.57 3.282

(1.97) (-0.64)
(5) 0.11 -0.23 3.066

(2.19) (-0.68)
(6) 0.21 0.37 -1.02 -3.43 3.054

(3.42) (7.80) (-2.73) (-7.45)
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Table IA.16: Prices of beta risks, with bias-corrected VAR

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, where the news are generated using bias-corrected VAR estimates based on 5,000
bootstrap repetitions. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -0.07 0.21 0.14 3.282

(-1.95) (0.98) (0.20)
(2) -0.00 0.07 0.31 3.065

(-0.05) (1.96) (3.42)
(3) -0.01 0.13 0.12 0.11 -0.36 3.063

(-0.67) (3.13) (2.92) (0.94) (-2.92)
(4) 0.01 0.58 3.282

(0.04) (0.82)
(5) 0.06 0.31 3.065

(2.09) (3.40)
(6) 0.13 0.12 0.10 -0.36 3.063

(3.18) (2.93) (0.88) (-2.92)
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Table IA.17: Beta estimates, interest-rate-di�erential-sorted portfolios

This table reports the full-sample beta estimates of six interest-rate-di�erential-sorted port-
folios and their t-ratios, which are estimated by GMM.

Risk-premium Beta Interest-rate Beta Overall Beta
Portfolio Estimate t-ratio Estimate t-ratio Estimate t-ratio
Lowest 0.72 16.35 0.07 6.54 0.79 16.54
2 0.84 22.84 0.08 8.89 0.93 24.98
3 0.86 25.48 0.09 9.87 0.95 26.65
4 0.96 26.22 0.10 10.04 1.07 27.36
5 1.01 30.45 0.11 8.60 1.12 29.69
Highest 1.04 19.16 0.11 7.93 1.15 18.77

30



Table IA.18: Prices of beta risks, interest-rate-di�erential-sorted portfolios

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, using six interest-rate-di�erential-sorted portfolios as the test assets. See the
caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -1.03 1.09 2.02 2.503

(-8.58) (3.67) (0.81)
(2) -0.22 0.37 -0.20 2.500

(-1.57) (1.64) (-0.36)
(3) -0.25 0.44 0.33 -0.60 -3.23 2.489

(-1.61) (1.74) (7.21) (-1.11) (-4.38)
(4) -2.84 28.04 2.505

(-2.45) (2.62)
(5) 0.16 -0.40 2.501

(1.28) (-0.70)
(6) 0.20 0.33 -0.81 -3.20 2.489

(1.56) (6.32) (-1.47) (-4.54)
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Table IA.19: Beta estimates, momentum-sorted portfolios

This table reports the full-sample beta estimates of six momentum-sorted portfolios and
their t-ratios, which are estimated by GMM.

Risk-premium Beta Interest-rate Beta Overall Beta
Portfolio Estimate t-ratio Estimate t-ratio Estimate t-ratio
Lowest 0.97 14.16 0.12 8.96 1.08 14.35
2 0.75 18.19 0.09 10.30 0.85 18.23
3 0.95 24.63 0.10 9.08 1.05 25.94
4 0.92 15.71 0.09 8.88 1.01 16.41
5 0.95 23.52 0.10 11.02 1.05 25.81
Highest 0.82 16.91 0.08 6.85 0.90 16.75
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Table IA.20: Prices of beta risks, momentum-sorted portfolios

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, using six momentum-sorted portfolios as the test assets. See the caption to Table
4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) 0.80 0.87 -14.84 2.504

(4.00) (3.39) (-7.24)
(2) 0.07 0.12 -0.99 2.499

(0.43) (1.13) (-1.44)
(3) 0.03 0.20 0.31 -1.35 -2.64 2.491

(0.21) (1.87) (4.72) (-1.98) (-4.68)
(4) 1.67 -14.00 2.505

(3.62) (-3.24)
(5) 0.19 -0.90 2.499

(2.01) (-1.78)
(6) 0.23 0.31 -1.32 -2.64 2.491

(2.27) (5.18) (-2.45) (-4.72)
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Table IA.21: Beta estimates, value-sorted portfolios

This table reports the full-sample beta estimates of six value-sorted portfolios and their
t-ratios, which are estimated by GMM.

Risk-premium Beta Interest-rate Beta Overall Beta
Portfolio Estimate t-ratio Estimate t-ratio Estimate t-ratio
Lowest 0.88 17.12 0.10 8.51 0.97 18.34
2 0.85 18.56 0.09 7.97 0.94 19.44
3 0.87 24.73 0.11 10.08 0.98 25.44
4 0.94 27.69 0.11 11.08 1.05 28.23
5 0.90 23.74 0.10 8.58 1.01 23.35
Highest 0.85 16.23 0.09 8.98 0.94 16.60
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Table IA.22: Prices of beta risks, value-sorted portfolios

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, using six value-sorted portfolios as the test assets. See the caption to Table 4 for
further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -0.48 0.71 0.05 2.508

(-0.29) (0.35) (0.01)
(2) -0.17 0.36 -0.18 2.482

(-2.26) (1.94) (-0.46)
(3) -0.25 0.42 0.14 0.10 -0.88 2.479

(-3.46) (2.44) (3.02) (0.20) (-2.96)
(4) -0.04 1.89 2.508

(-0.05) (0.29)
(5) 0.18 -0.27 2.482

(1.53) (-0.64)
(6) 0.17 0.13 -0.07 -0.75 2.480

(1.45) (2.66) (-0.15) (-2.25)
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Table IA.23: Beta estimates, real exchange-rate-sorted portfolios

This table reports the full-sample beta estimates of six real exchange-rate-sorted portfolios
and their t-ratios, which are estimated by GMM.

Risk-premium Beta Interest-rate Beta Overall Beta
Portfolio Estimate t-ratio Estimate t-ratio Estimate t-ratio
Lowest 0.87 21.38 0.09 7.89 0.97 22.24
2 0.86 19.64 0.09 8.48 0.95 20.70
3 0.92 22.75 0.10 10.41 1.02 23.98
4 0.96 20.99 0.11 8.82 1.07 20.93
5 1.00 33.13 0.10 7.74 1.10 33.32
Highest 0.88 19.43 0.09 8.45 0.98 19.78
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Table IA.24: Prices of beta risks, real exchange-rate-sorted portfolios

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, using six real exchange-rate-sorted portfolios as the test assets. See the caption
to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -0.91 0.14 9.55 2.507

(-1.15) (0.22) (1.72)
(2) 0.12 0.01 -0.39 2.502

(0.76) (0.13) (-0.55)
(3) 0.09 0.09 0.32 -0.78 -3.15 2.490

(0.65) (0.80) (5.42) (-1.19) (-6.73)
(4) -0.90 10.03 2.507

(-0.92) (1.14)
(5) 0.12 -0.29 2.502

(1.07) (-0.46)
(6) 0.17 0.32 -0.71 -3.16 2.490

(1.43) (5.54) (-1.18) (-6.79)

37



Table IA.25: Prices of beta risks, 48-month rolling-window estimation

This table reports results of a panel regression for the two-beta asset pricing model for cur-
rencies, while the time-varying betas are obtained by a 48-month rolling-window estimation.
See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -0.07 0.25 -0.44 3.291

(-1.93) (2.09) (-0.52)
(2) 0.01 0.16 -0.66 3.051

(0.60) (3.93) (-3.89)
(3) -0.00 0.22 0.35 -0.38 -2.45 3.036

(-0.31) (5.65) (6.65) (-2.13) (-7.06)
(4) 0.12 0.01 3.291

(1.15) (0.01)
(5) 0.17 -0.65 3.051

(4.36) (-3.88)
(6) 0.21 0.35 -0.38 -2.45 3.036

(5.88) (6.65) (-2.22) (-7.06)
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Table IA.26: Prices of beta risks, 60-month rolling-window estimation

This table reports results of a panel regression for the two-beta asset pricing model for cur-
rencies, while the time-varying betas are obtained by a 60-month rolling-window estimation.
See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -0.09 0.24 -0.25 3.291

(-2.25) (2.03) (-0.30)
(2) -0.04 0.34 -1.51 3.048

(-3.04) (8.23) (-10.82)
(3) -0.05 0.43 0.26 -1.95 -1.56 3.042

(-3.98) (9.07) (7.21) (-8.99) (-4.52)
(4) 0.09 0.29 3.292

(0.85) (0.34)
(5) 0.30 -1.54 3.048

(8.31) (-11.55)
(6) 0.39 0.26 -1.98 -1.56 3.043

(8.38) (7.25) (-9.44) (-4.51)
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Table IA.27: Prices of beta risks, panel and cross-sectional regressions

This table reports two-step estimation results for the two-beta asset pricing model for curren-
cies. In the �rst step, we run panel regressions of excess currency returns on the interactions
between betas and AFD and report the point estimates (λAFD) and their t-ratios based
on clustered standard errors. In the second step, we run feasible generalized least squares
cross-sectional regressions of the panel regression residuals on a constant (when applicable)
and the betas and report the point estimates (intercept and λ0) and their t-ratios based on
Fama-MacBeth standard errors. See the caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD
(1) -0.03 0.07 1.23

(-0.33) (0.21) (0.48)
(2) 0.09 0.06 -2.45

(1.11) (0.18) (-1.51)
(3) 3.30 -0.27 0.30 -12.76 -2.62

(1.09) (-0.63) (6.74) (-1.33) (-7.99)
(4) 0.03 1.37

(0.09) (0.56)
(5) 0.05 -1.60

(0.13) (-0.97)
(6) 0.05 0.30 -1.60 -2.62

(0.13) (6.74) (-0.97) (-7.99)
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Table IA.28: Prices of beta risks, currency-level time-series regressions

This table reports currency-level time-series regression results for Model (6) of Table 4, that
is, the zero-intercept two-beta asset pricing model with time-varying betas and AFD-driven
prices of risks. We report the regression coe�cient estimates (see the caption to Table 4
for de�nitions) and their t-ratios based on Newey-West standard errors. The last column
reports the adjusted R2's in percentages.

λξ0 λξAFD λdr̃0 λdr̃AFD Adj.R2

Country Estimate t-ratio Estimate t-ratio Estimate t-ratio Estimate t-ratio
Australia 0.60 2.98 0.96 3.59 -1.82 -0.99 -6.95 -3.43 3.98
Austria -0.05 -0.08 0.83 0.83 2.72 1.16 0.12 0.03 3.35
Belgium -0.80 -2.92 -0.47 -1.42 5.80 3.66 4.94 2.07 4.92
Canada 0.24 0.90 0.22 0.77 -1.65 -0.99 -4.48 -2.21 0.27
Czech 0.49 1.83 0.52 1.64 -1.54 -0.90 -5.10 -2.18 0.86
Denmark 0.12 0.70 0.51 2.67 -0.24 -0.17 -3.26 -2.09 1.23
Finland -0.19 -0.61 -0.06 -0.17 1.96 0.74 -0.82 -0.21 -1.06
France -0.47 -1.42 -0.03 -0.06 3.65 1.97 2.10 0.71 1.37
Germany 0.18 1.07 0.50 2.57 -0.95 -0.69 -3.60 -2.30 1.09
Greece 5.95 2.84 6.88 3.18 -35.90 -1.66 -39.25 -1.81 7.96
Hungary 0.58 1.73 0.58 1.66 -1.84 -0.82 -5.89 -2.02 1.25
India 0.34 0.71 -1.48 -3.60 0.44 0.24 1.63 0.34 -0.18
Indonesia 0.64 1.83 0.34 0.64 -1.55 -0.55 -0.47 -0.10 -0.31
Ireland 0.35 1.47 0.41 1.53 -1.50 -0.89 -3.95 -1.69 -0.07
Italy -0.07 -0.16 -0.64 -1.07 1.67 0.64 4.22 0.92 -2.61
Japan -0.41 -2.02 0.47 2.14 2.33 1.77 0.71 0.39 1.72
Kuwait 0.24 0.67 -1.03 -1.42 -3.02 -1.32 -12.24 -2.10 0.84
Malaysia -0.16 -0.26 0.05 0.05 0.78 0.24 1.16 0.26 -1.16
Mexico 0.67 1.24 -0.66 -1.15 -6.21 -1.80 -2.51 -0.53 3.01
Netherlands -0.04 -0.06 0.90 0.90 2.09 0.60 -0.61 -0.13 0.95
New Zealand 0.62 3.30 0.65 2.56 -2.22 -1.28 -3.76 -1.46 1.42
Norway 0.20 1.06 0.48 2.20 -1.22 -0.76 -4.55 -2.48 1.42
Philippines 0.32 1.00 0.21 0.50 -1.38 -0.59 3.45 0.93 -0.92
Poland 0.30 1.12 0.00 0.01 -1.39 -0.67 -5.06 -2.07 1.61
Portugal 4.03 4.79 3.92 3.61 -18.34 -1.95 -16.03 -1.25 22.45
Singapore 0.04 0.22 0.48 1.98 0.04 0.03 -3.14 -1.11 0.32
South Africa 0.08 0.30 0.33 1.30 0.56 0.27 -1.88 -0.97 -0.31
South Korea 0.97 2.17 0.56 1.10 -6.26 -1.61 -9.61 -1.79 3.42
Spain -0.15 -0.39 0.49 0.75 2.46 1.14 0.38 0.11 0.78
Sweden 0.19 0.97 0.37 1.16 -1.23 -0.76 -4.60 -2.48 1.09
Switzerland -0.10 -0.55 0.51 2.27 1.03 0.85 -3.04 -2.01 1.29
Taiwan 0.32 0.86 0.51 1.15 -2.16 -0.78 -0.66 -0.16 -0.16
Thailand 0.68 1.62 0.27 0.55 1.09 0.25 6.50 0.92 2.19
United Kingdom 0.41 1.71 0.18 0.65 -2.89 -1.45 -4.52 -1.91 1.90
Dollar Portfolio 0.28 1.81 0.48 2.55 -1.08 -0.75 -3.78 -2.10 1.30
N ×min p 0.00 0.00 0.00 0.00
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Table IA.29: Prices of beta risks, orthogonal betas

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, while the risk-premium betas are orthogonal to the real-rate betas. See the
caption to Table 4 for further details.

Model Intercept λξ0 λξAFD λdr̃0 λdr̃AFD RMSE
(1) -0.08 0.22 -0.84 3.282

(-2.20) (6.05) (-1.10)
(2) -0.00 0.10 -0.12 3.066

(-0.02) (3.08) (-0.40)
(3) -0.00 0.13 0.08 -0.81 -3.01 3.053

(-0.14) (3.17) (2.17) (-2.69) (-7.30)
(4) 0.15 -0.38 3.282

(10.10) (-0.48)
(5) 0.10 -0.12 3.066

(3.58) (-0.40)
(6) 0.12 0.08 -0.81 -3.01 3.053

(3.59) (2.18) (-2.69) (-7.28)
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Table IA.30: Prices of beta risks, two-way decomposition of AFD

This table reports results of a panel regression for the two-beta asset pricing model for
currencies, where the betas are 36-month rolling betas, and the prices of risks are driven by
two orthogonal components of AFD: the projection of AFD onto real activities (AFD,RA)
and the residuals (global component AFD,ORTH).

Model Intercept λξ0 λξAFD,RA λξAFD,ORTH λdr̃0 λdr̃AFD,RA λdr̃AFD,ORTH RMSE

(i) -0.01 0.15 4.16 0.09 -19.89 3.044
(-1.16) (4.24) (11.71) (0.54) (-11.02)

(ii) -0.00 0.20 0.32 -0.78 -2.72 3.057
(-0.33) (3.11) (6.80) (-2.20) (-6.11)

(iii) -0.02 0.21 3.87 0.24 -0.42 -18.10 -1.98 3.039
(-1.69) (4.73) (11.63) (5.12) (-1.92) (-10.78) (-4.79)

(iv) 0.14 4.15 0.08 -19.89 3.044
(4.12) (11.72) (0.49) (-11.04)

(v) 0.20 0.32 -0.78 -2.72 3.057
(3.15) (6.83) (-2.21) (-6.11)

(v) 0.20 3.87 0.24 -0.44 -18.10 -1.99 3.039
(4.59) (11.62) (5.14) (-2.00) (-10.80) (-4.80)
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