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Abstract 

We study a large currency cross section using recently developed asset pricing  
methods.  First, we show that the implied pricing kernel includes three latent  
factors:  a strong U.S. “Dollar” level factor, and two weak, high Sharpe ratio  
“Carry” and “Momentum” slope factors. The evidence for an additional “Value”  
factor is scant. Second, based on this pricing kernel, we obtain robust estimates  
of the risk premia of more than 100 non-tradable risk factors.  Some of these  
factors - mostly relating to volatility, uncertainty and liquidity conditions in  
currency and other markets - are priced, disclosing a clear nexus across asset  
classes. 
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1 Introduction 

In the foreign exchange (FX) market, the price of risk represents the compensation required  
by investors for a unit exposure to the systematic risk resulting from holding investments  
denominated in foreign currencies. Since the seminal paper of Lustig and Verdelhan (2007),  
cross-sectional asset pricing has been applied successfully to currency returns, and a growing  
literature continues to develop with the aim of explaining the cross section of currency  
returns and to provide estimates of the price of currency risk. At the same time, we have  
also observed a proliferation of currency investment strategies, which attract a large fraction  
of the over 6 trillion U.S. dollars traded in currency markets daily. It is therefore crucial, for  
investors and market observers alike, to uncover the sources of the underlying risk-return  
trade-off in this titanic market. To this end, in this paper we provide new evidence on the  
optimal factor model for currency returns and robust estimates of currency risk premia.1 

Thus far, the FX literature has largely established the risk-return trade-off in terms  
of tradable risk factors.  These factors represent convolutions of returns associated with  
currency investment strategies (e.g., carry and momentum factors) and therefore prevent  
a sound economic interpretation.  Only a few papers focus on non-tradable risk factors,  
i.e., factors representing macroeconomic and financial risks such as for example the global  
volatility factor of Menkhoff et al. (2012a).  But this strand of the literature is evolving  
rapidly, so that we observe also a proliferation of FX risk factors, i.e., a “factor zoo”, albeit  
more contained than for equities.2 

When a new candidate factor is proposed, the first goal is to determine its risk premium  
(or price of risk). If the factor is tradable, a model-free estimate of its risk premium is readily  
available, being simply the time-series average of its excess return (Cochrane, 2005).  By  
contrast, if the factor is non-tradable, the task of estimating its risk premium is not trivial.  
A non-tradable factor is by definition a non-return-based factor and, as a consequence, its  
mean is not informative about its price of risk. Therefore, one needs to recur to statistical  
methods, such as for example the standard two-pass procedure of Fama and MacBeth (1973) 
- FMB thereafter - to obtain an estimate of the factor risk premium. 

While the two-pass FMB procedure can be easily implemented, the resulting price of 
1The most popular currency strategies include carry-trade strategies based on interest rate differentials  

across countries (e.g., Lustig et al., 2011; Menkhoff et al., 2012a; Lettau et al., 2014), momentum strategies  
based on past currency returns (e.g., Menkhoff et al., 2012b, Asness et al., 2013), value strategies based on  
deviations from purchasing power parity (e.g., Asness et al., 2013; Kroencke et al., 2014; Menkhoff et al.,  
2017), global imbalances strategies based on imbalances in trade and capital flows (Della Corte et al., 2016b),  
and macro strategies based on, for example, output gap differentials (Colacito et al., 2020). 

2At first, the empirical asset pricing literature rested on a single factor, namely the market factor, to price 
the cross section of stock returns (Sharpe, 1964; Lintner, 1965). Since then, more than 300 risk factors have 
been claimed to explain stock returns with some statistical significance (Harvey et al., 2016), but some of these 
factors could just be “lucky” (Harvey and Liu, 2020). 
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risk estimates can be biased for two main reasons.  First, some relevant factors entering  
the pricing kernel, or stochastic discount factor (SDF), could be omitted (omitted-variable  
bias). Second, the candidate factor could be measured with noise (measurement-error bias).  
Recently, Giglio and Xiu (2020) developed a three-pass procedure that helps address both  
sources of bias by exploiting the information contained in a reasonably large cross section of  
test assets. This literature, albeit very young, has already established a set of useful results  
for the U.S. stock market. In this paper, we build on this literature but shift the focus to  
currency markets. 

The FX literature has generally looked at each investment strategy in isolation, therefore  
resting on small cross sections of test assets. However, the use of a limited cross section of  
test assets may not provide a robust/valid test of an asset pricing model (Lewellen et al.,  
2010).  In addition, the omitted-variable and measurement-error problems inherent in the  
estimation of the prices of risk have not been taken fully into account.  For these reasons,  
it is fair to argue that the economic sources of the risk-return trade-off underlying popular  
currency investment strategies are still hotly debated. To fill this gap, we estimate the risk  
premia of a long list of non-tradable macro-financial candidate factors from a reasonably  
large cross section of currency portfolios, or test assets.  We do this by combining the  
three-pass model of Giglio and Xiu (2020) with the statistical method of Lettau and Pelger  
(2020a,b).  The latter, as explained in detail below, is key to first extract the underlying  
pricing factors accurately and determine the structure of the latent-factor currency SDF. 

The three-pass method of Giglio and Xiu (2020) - GX thereafter - that we employ to  
revisit the macro-financial determinants of currency risk premia serves our purpose, as it  
tackles both the omitted-variable and measurement-error problems. To do so, it exploits the  
information contained in the panel of test-asset returns and, in particular, in the underlying  
latent pricing factors that are extracted from the panel of returns. In practice, this procedure  
projects the non-tradable candidate factors onto the space of the pricing factors. The non- 
tradable factors’ risk-premium estimates are then simply given by linear combinations of  
the prices of risk of the pricing factors. In this way, one can remain agnostic about the set of  
true risk factors (i.e., the controls), and yet obtain robust estimates of non-tradable factors’  
risk premia. 

It is evident, however, that the method of GX heavily relies on estimating first the la- 

tent pricing factors, and then on determining the factor structure of the optimal SDF, i.e.,  
the relevant pricing factors.  For this reason, we amend the GX procedure by resorting to  
the Risk-Premium Principal Component Analysis (RP-PCA) method of Lettau and Pelger  
(2020a,b) - LP thereafter. In essence, RP-PCA is a generalized version of PCA, regularized  
by a pricing-error penalty term (named risk-premium weight or RP-weight), which “over- 
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weights” the test-asset mean returns relative to their variances. As a result, the estimated 
factors fit not only the time series, but also the cross section of expected returns.  Strong 
systematic factors should be estimated more efficiently, and relevant weak factors should be 
detected more easily.  Therefore, by inspecting the properties of the extracted pricing fac- 
tors, one obtains also clear indications on the structure of the optimal latent-factor currency 
SDF. We refer to this combined procedure that uses the methods developed separately by 
GX and LP as the augmented three-pass method, and we show that the use of RP-PCA 
enhances the three-pass model pricing performance. 

In the empirical analysis, the underlying FX data consist of 49 individual currencies  
sampled at monthly frequency, from 1983 to 2017.  We take the perspective of a U.S.  
investor, so that the individual currencies are expressed relative to the U.S. dollar. In the  
baseline analysis, the test assets consist of 46 currency portfolios, resulting from nine of  
the most popular currency investment strategies. In larger cross sections of test assets, we  
also consider the associated high-minus-low (HML), dollar-neutral, spread portfolios and  
additional investment strategies. Turning to the non-tradable risk factors, our list consists  
of more than 100 factors, which we categorize into three groups: financial, macro, and text- 
based factors. The latter factors are obtained by aggregating into an index news coverage  
about specific sources of uncertainty. To our knowledge, we are the first to consider such a  
large number of non-tradable risk factors, capturing a wide range of macro-financial risks,  
and assess their implications for currency returns.  Based on this extensive dataset, we  
uncover a number of interesting findings that help shed light (i) on the optimal latent-factor  
currency SDF, and (ii) on the macro-financial sources of the risk-return trade-off inherent  
in currency investment strategies. We present the findings in this order. 

First, we show that the currency SDF consists of three latent pricing factors. The first  
factor is a strong factor, while the remaining two explain fewer portfolios, and hence are  
in line with a weak factor interpretation. Yet, also these weak factors are relevant factors,  
as we find that they display high Sharpe ratios, and hence cannot be excluded from the  
SDF. Notably, the third factor is detected by RP-PCA but not by standard PCA. Hence, by  
neglecting the information in the portfolio means, one incurs the risk of omitting relevant  
factors, which can in turn distort the non-tradable factor risk-premium estimates. Moreover,  
using RP-PCA, factor “signal strengths” are not only enhanced but also polarized in fewer  
factors.3 

Relatedly, we find that RP-PCA changes materially the information spanned by the 

3Note that, in RP-PCA, the eigenvalues relate to a more generalized notion of “signal strength” of a  
factor, while in PCA they are equal to factor variances, exactly because the information in the portfolio  
means is neglected. This is clearly shown by Lettau and Pelger (2020a,b) and explained in more detail in  
Section 2.1.1. 
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factors relative to PCA in a way that the estimated factors should be closer to the underlying  
“true” pricing factors. For example, considering three-factor SDFs, the pricing errors drop  
significantly and the maximal SDF Sharpe ratio increases substantially using RP-PCA with  
a reasonably high RP-weight instead of PCA - note that PCA is a special case of RP-PCA  
with no “overweight” on the means. These differences are evident for SDFs of equal size and  
become even starker if one compares the respective optimal SDFs, which consist of three  
and two factors for RP-PCA and PCA, respectively. Importantly, we also document that,  
while the pricing accuracy improves with the RP-weights, the explained systematic variance  
remains essentially unchanged. Thus, in practice, there is no trade-off in choosing even very  
high RP-weights.4 

Moreover, the analysis of the portfolio risk exposures reveals that the extracted, orthog- 
onalized latent factors retain a clear economic interpretation. The first latent factor plays  
the role of a currency level factor, as it displays roughly equal factor loadings across cur- 

rency portfolios. This factor therefore resembles the Dollar factor of Verdelhan (2018). By  
contrast, the remaining factors are slope factors, as we can identify investment strategies  
for which the corner portfolios take factor loadings of opposite signs, with almost mono- 

tonic patterns across portfolios.  Put simply, the latent factors behave similarly to spread  
portfolios (which are self-financed long-short investment strategies), and therefore naturally  
connect to specific investment strategies. In particular, the second-latent factor is a “Carry”  
factor, while the third factor is a (short-term) “Momentum” factor.5 The fourth factor  
seems to be a “long Value short (long-term) Momentum” factor, but it is not selected by  
any of the statistical criteria employed, consistent with the fact that its inclusion in the SDF  
would only marginally improve the overall model pricing performance and Sharpe ratio.6  

Therefore, this analysis ultimately shows that the currency SDF comprises three pricing  
factors that can be interpreted as “Dollar”, “Carry”, and “Momentum” factors. 

Second, based on this optimal SDF, we turn to estimate the risk premium of the non- 

tradable candidate factors.  To start with, we find that the spanning regressions of the  
non-tradable latent factors on the pricing factors deliver, on average, low R2s. In the GX’s  
framework, this would indicate that a large portion of non-tradable risk factors is due to 

4However, we show that the gains seem to stabilize for reasonably high RP-weights. Hence, in our main  
analysis, we select a RP-weight of 20, which is in line with that chosen by LP for equity portfolios.  
 5Short-term and long-term momentum strategies differ in that they use as sorting signals the one-month 
and one-year past returns, respectively.  Menkhoff et al. (2012b) show that both of these strategies are 
profitable and imperfectly correlated, although short-term momentum generates higher expected returns.  
 6While this factor, call-it simply “Value”, displays a statistically significant mean return, its magnitude is 
small in comparison with the means of the “Carry” and “Momentum” factors, which helps explain why this 
factor takes a small weight in a four-factor SDF. We also document that the remaining latent factors, 
although they help explain some specific portfolios, retain no clear interpretation.  Indeed, they are time- 
series factors with zero prices of risk, and hence take zero weights in the SDF. 
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measurement error. The problem is particularly severe for macro factors, while some of the  
text-based and, especially, of the financial factors are measured more precisely. In particular,  
text-based and financial factors are mainly exposed to the “Carry” factor, but some of these  
factors, mostly financial ones, also display significant exposures to the “Momentum” factor.  
Interestingly, financial factor exposures to the “Carry” and “Momentum” factors generally  
take opposite sign. This indicates that the two strategies respond to some of the same sources  
of financial risk, but in opposite ways. For example, when volatility increases “Momentum”  
tends to perform well, while “Carry” performs poorly, in line with what is observed during  
periods of markets turmoil, such as during the global financial crisis. This in turn implies  
that, if the “Momentum” factor is omitted from the SDF, the return-based candidate factors 

- the original non-tradable factors cleaned from measurement error and converted into return 
factors using the fitted value of the spanning regressions - can display different behavior 
and risk premia. 

Turning more specifically to the risk-premium estimates, we show that the risk premia 
obtained using the augmented three-pass method are substantially different from the FMB 
two-pass estimates.7 In fact, the two-pass method delivers much higher absolute point 
estimates and a larger number of candidate factors with significant risk premia. This is not 
surprising given that inflated prices of risk are common among non-tradable factors, exactly 
because they contain noise (Adrian et al., 2014).  We document that the measurement- 

error problem is indeed pervasive also for a large number of non-tradable currency factors. 
Together with the omitted-variable problem, it can lead to unreliable risk-premium estimates 
and/or to erroneous selection of currency risk factors. 

At the same time, thanks to the augmented three-pass model, we can also show that  
a number of non-tradable factors are indeed priced in currency returns.  While the list  
of relevant factors is shorter than using the two-pass method, it is still long and diverse,  
and mainly pertains to financial and text-based factors.  Some of the non-tradable factors  
previously uncovered by the literature turn out to be less or even not relevant, but other  
“novel” factors (i.e., which were not considered in previous currency research) appear to have  
significant risk premia, disclosing a tight link between currency and other asset markets,  
mainly channeled through “Carry”, in line with the conjecture of Koijen et al. (2018).  In  
particular, our findings highlight the relevance of uncertainty and volatility measures, both  
financial and text-based, and of liquidity risks to explain currency returns. 

Specifically, the global volatility factor of Menkhoff et al. (2012a) and the global Eco- 

7The FMB estimates are intentionally subject to both the omitted-variable and measurement-error prob- 
lems, as no control factor other than the Dollar factor (captured by the constant) is included, in addition to 
the candidate factor. 
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nomic Policy Uncertainty (EPU) of Baker et al. (2016) are singled out, as their risk pre- 

mia are large and precisely estimated.  The systematic FX liquidity measure of Karnaukh  
et al. (2015) is also priced, while the global liquidity measure of Menkhoff et al. (2012a)  
is not.  Moreover, a number of factors relating to liquidity (Pastor and Stambaugh, 2003;  
Hu et al., 2013) and volatility (the VXO and the MOVE indices) conditions in U.S. equity  
and bond markets turn out to have statistically significant risk premia.  The strong link  
between Treasuries and currency returns is also confirmed by the significant risk premium  
of a quantity-based measure, proxying for foreign central banks’ demand for U.S. Treasuries.  
Meanwhile, the significant risk premium of the Equity Market Volatility (EMV) text-based  
measure, and of some of its sub-indices, lend further support to the nexus between U.S.  
stock market volatility and currency returns. The TED spread is also a relevant factor, and  
its significance stems from its interbank market credit-risk component (i.e., the Libor-OIS  
spread). 

However, our results still point to a substantial disconnect between currency returns and  
macroeconomic conditions, which is disappointing as it is hardly imputable to their mea- 

surement error given that our methods account for that. Moreover, procyclical factors, i.e.,  
factors that perform poorly in bad states of the world, should command positive currency  
risk premia, while countercyclical factors should have negative premia. We find that, using  
the three-pass method, this is mostly the case for financial and text-based factors.  Con- 

versely, even among the few weakly relevant macro factors, some display risk premia with  
counterintuitive signs. 

We subject the analysis to a number of robustness tests.  Above all, we show that  
selecting the optimal SDF is key to obtain precise estimates of non-tradable factors currency  
risk premia, while the choice among reasonably high values of the RP-weight (which clearly  
exclude the case of standard PCA) leads to small differences in the risk-premium estimates.  
We also show that the addition of HML portfolios to the panel of currency portfolios helps  
better explain some of the high risk-premium currency strategies other than carry, but the  
method essentially selects the same relevant candidate risk factors.  This is because this  
extra information is picked up mostly by the latent factors that do not enter the SDF.  
Moreover, while the addition of HML portfolios seems to point to a four factor SDF, with  
the inclusion of the “Value” factor, its risk premium and weight in the SDF are small, and  
only few candidate factors have significant exposures to this factor. As a result, its inclusion  
in the set of pricing factors mainly seems to add noise, leading to less precise estimates of  
the risk premia. 

The remainder of the paper is organized as follows.  Section 2 presents the augmented 
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three-pass model. Section 3 describes the FX data, test assets, and non-tradable risk factors.  
Section 4 presents the empirical findings, while Section 5 reviews the robustness exercises.  
Section 6 concludes.  A separate Internet Appendix presents the FX investment strategies  
(Section I); the non-tradable factors (Section II); and additional empirical evidence (Sections  
III and IV). 
 

2  Asset Pricing Methods 

The FMB two-pass method still represents the workhorse model to estimate asset risk premia  
in empirical asset pricing (see a brief description of FMB in Appendix A). In currency asset  
pricing, it is widely employed at least since the influential study of Lustig and Verdelhan  
(2007). Over the years, some fixes to the original two pass-procedure have been proposed,  
but they mainly regard the efficiency of the estimates, which relates to the use of the gen- 
erated β covariates in the second-pass regression (e.g., Shanken, 1992; Burnside, 2011). By  
contrast, the omitted-variable and measurement-error problems have received less attention. 

The omitted-variable problem arises when (some of) the relevant risk factors are omitted 
from the SDF. This happens as the researcher is usually agnostic about the set of “true” risk 
factors that should enter the SDF. This omission biases the estimates of the risk exposures in 
the first pass, and the estimates of the prices of risk in the second pass. As a result, the 
researcher attributes the effect of the missing factors/exposures to the estimated effect of 
the included factors/exposures.  In the first pass, the severity of the bias depends on the 
time-series correlation between the factors included and those omitted. In the second pass, it 
varies with the cross-sectional correlation of the estimated exposures and the missing 
exposures associated with the omitted factors. 

The measurement-error problem instead emerges even when the researcher includes all  
the “true” risk factors in the SDF, but the factors are measured with noise. This problem  
is particularly severe in the case of non-tradable (i.e., non-return-based) risk factors, as  
it is usually the case for macroeconomic and many financial variables.  The use of noisy  
factors may bias the first-pass estimates of the risk exposures (attenuation bias in case of a  
single factor model) and, as a consequence, the second-pass estimates of the prices of risk.  
Specifically, the severity of the measurement-error bias depends on the correlation between  
the measurement errors in the factors and the error terms in the first-pass regressions. In  
this sense, the measurement-error problem mirrors the omitted-variable problem, although  
the two have different origins. 

Both problems can manifest in many situations. A clear example is when the researcher  
wants to estimate the price of risk of a novel non-tradable risk factor gt, λg .  In principle, 
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the standard FMB procedure is still viable, but the researcher would need to (i) know the  
set of control factors, i.e., the set of “true” factors entering the SDF, ft; and, (ii) use factors  
that are cleaned, i.e., measured without noise. By contrast, the three-pass method of GX  
delivers an estimate of the price of risk of the candidate risk factor that is not affected by (i)  
and (ii). To do so, the GX method exploits the information in the test assets, by projecting  
the candidate factor onto the space of the latent pricing factors implied in the cross section  
of test asset returns. In this way, one can remain agnostic about the set of true risk factors  
(i.e., the controls), and yet obtain an estimate of λg  that is not affected by the omitted- 

variable problem. Moreover, one can easily quantify and account for the measurement error  
in the candidate factor. 

The GX’s three-pass method therefore delivers an estimator that remains valid also when  
some relevant factors are omitted or observed with noise.  However, the method presumes  
that the researcher has already estimated a set of latent factors from a reasonably large panel  
of test-asset returns and determined the optimal SDF. These two problems are essentially  
separated from the three-pass method of GX, being independent from the choice of the  
candidate factors.  While GX employ standard PCA to extract the latent pricing factors,  
one can recur to other methods to estimate the factors and yet still exploit in full the benefits  
of the three-pass method. Recently, LP developed the RP-PCA estimator. A clear benefit  
of this novel method is that the latent factors are estimated in a way that fit both the  
time series and cross section of expected returns.  Conversely, standard PCA neglects the  
information in the means of the portfolio returns.  Moreover, the method of LP provides  
clear indications of the properties of the optimal SDF. We therefore combine the RP-PCA  
method of LP with the three-pass method of GX, and this is why we call it the augmented  
three-pass method. 
 

2.1  (Augmented) Three-Pass Method 

Before turning to the three-pass method of GX, we first present the RP-PCA method that  
we use to extract the factors from the panel of currency returns and determine the optimal  
currency SDF. 
 

2.1.1  Latent Factors Estimation 

To start with, we assume that K factors capture the systematic component of asset returns  
and the unexplained idiosyncratic component subsumes the asset-specific risks, such that 

 

Xnt = Ftψ⊤
n + ϵnt, n = 1,...,N,   t = 1,...,T, (1) 
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where Xnt is the n-th test asset’s time-t excess return, Ft = [F1t, . . . FKt] denotes the time-t  
1×K vector of latent factors, ψn is the 1×K vector of factor loadings for test asset n, and  
ϵnt is the asset return’s idiosyncratic component. In matrix notation, it takes the compact  
form X = Fψ⊤ + ϵ, where X is a T × N matrix of returns, F is the T × K matrix of latent  
factors, ψ is the N × K matrix of factor loadings, and ϵ is the T × N matrix of residuals. It  
is then evident that, if factors and residuals are uncorrelated, the covariance matrix of the  
returns is given by 

Var(X) = ψVar(F)ψ⊤ + Var(ϵ), (2) 

which consists of a systematic part and an idiosyncratic part.  Standard PCA - arguably the 
most widely used method to estimate latent factors - exploits the fact that the factors drive 
the largest eigenvalues of Var(X). Specifically, they can be retrieved by applying PCA to the 
sample covariance matrix of excess returns 

 

ΣPCA = 
1 
TX

⊤X−X
⊤ X, 

 

(3) 

where X denotes the sample mean of excess returns. 
The estimated factor loadings  ψ are proportional to the eigenvectors associated with the  

largest eigenvalues of ΣPCA. The factors Ft are then obtained by regressing the asset returns  
on the factor loadings. Thus, factors identified by PCA minimize the unexplained time-series  
variation of the returns.  Evidently, however, the information in the means of the returns  
is not accounted for.  LP note that, in the context of asset pricing, this means ignoring  
valuable information, as the role of the means is explicitly given by Ross’ arbitrage pricing  
theory (APT).8 Asset pricing factors should capture the information contained both in the  
first and second moments of test-asset returns. For this reason, LP propose to apply PCA  
to a covariance matrix with overweighted sample mean returns; in essence, RP-PCA is a  
generalized version of PCA regularized by a pricing-error penalty term, which is tantamount  
to applying PCA to the covariance matrix 

 

ΣRP-PCA = 
1 
TX

⊤X+ωX
⊤ X, 

 

(4) 

where ω is the penalty term, or RP-weight.  As before, the factors are constructed by  
regressing the returns on the factor loadings, i.e., F =Xψ ψ⊤ψ)−1. However, the loadings 

8Under the strong form of APT, residual risk has a risk premium of zero, which holds without loss of 
generality when assets are portfolios.  An asset excess return is then given by its exposures to the factors 
times the factors’ risk prices.  Moreover, if the factors are excess returns, no-arbitrage implies that their 
means are the factors’ prices of risk (or risk premia).  Hence, the means are informative about the assets’ risk 
premia.  Relatedly, Chernov et al. (2020) show that the main drivers of the time-series variation of currency 
returns are not the main drivers of priced risk. 
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ψ are now proportional to the eigenvectors associated with the largest eigenvalues of the 
ΣRP-PCA matrix. Intuitively, in RP-PCA, the eigenvalues relate to a generalized notion of 
“signal strength” of a factor, while in PCA the eigenvalues are equal to the factor variances. 
That is, the matrix ΣRP-PCA should converge to 
 

ψ(ΣF + (1 + ω)µ⊤F µF )ψ⊤ +Var(ϵ), (5) 
 

where ΣF  and µF  denote the variance-covariance matrix and the means of F, respectively. 
Moreover, applying PCA to ΣRP-PCA  is equivalent to minimizing jointly the time-series 

unexplained variation and the cross-sectional pricing errors 
 

min 
ψ,F 

 
1  ∑ 

NT 

 
 
 ∑(Xnt − Ftψ⊤  

 n)2 

 
1 

+ω 
N 

 
 
 ∑(Xn − F ψ⊤  

 n)2 

 

, 
(6) 

| i=1 t=1 {z  }  | i=1 {z  } 
TS unexplained variation CS pricing error 

where F is the vector of factor expected values. From Eqs. (4)-(6), it is clear that RP-PCA  
with ω = −1 is equivalent to the standard PCA as it forgoes the information in the means.  
Also note that RP-PCA with ω = 0 corresponds to applying PCA to a correlation matrix  
instead of a covariance matrix.  Conversely, RP-PCA with ω > 0 can be interpreted as  
PCA applied to a matrix that “overweights” the information in the means.  That is, RP- 

PCA combines two moment conditions, pushing up the “signal-to-noise” ratio and therefore  
leading to more efficient estimates of the factors.  It selects factors that explain the time  
series, but at the same time penalizes factors with low Sharpe ratios. This is because factors  
that help price the cross section of asset returns have non-vanishing returns and higher  
Sharpe ratios.  Thus, RP-PCA with ω > −1 helps detect weak factors with high Sharpe  
ratios, exactly because the “low” signal in their variances is enhanced by the information  
in their means.  Meanwhile, it protects from selecting spurious factors (i.e., factors with  
vanishing loadings), as it requires the estimated factors to explain a large amount of time- 
series variation. 

Evaluation Criteria.  The spectrum of the estimated eigenvalues is informative about  
the factors’ “signal strengths” and, hence, can help determine the optimal SDF. One can  
establish how many factors are relevant, as well as discern strong from weak factors. Sta- 
tistical tests such as the ones used by LP and GX are useful in this regard.9 Importantly, 

9In order to determine the optimal number of latent factors to include in the SDF, LP use the test of  
Onatski (2010), whereas GX’s estimator is based on a penalty function similar to the one of Bai and Ng  
(2002).  The Onatski (2010) test is based on the idea that the eigenvalues associated with the systematic  
factors diverge to infinity, while the eigenvalues associated with idiosyncratic factors cluster around a single  
point. Put simply, the eigenvalues of the systematic factors should be well separated from those of the weak  
factors. 
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a by-product of the LP method is that factors retain a clear economic interpretation.  In  
fact, one can rely on several intuitive metrics to complement the evidence resulting from  
statistical tests. In this way, the choice of the optimal SDF is guided by both statistical and  
economic criteria. 

A clear object of interest is the maximal Sharpe ratio from the tangency portfolio of the  
mean-variance frontier spanned by the linear combination of the K selected latent factors, 
F ×  b⊤MV,  where  bM V  = µF ΣF−1  is a 1 × K 
vector; the  bM V  entries capture the factor weights in the implied SDF, ϕt = 1 − Ft − µF 
)b⊤MV.10 Twofurtherdiagnosticcriteria-the root-mean-square error (RM Sα) and the 
magnitude of the idiosyncratic variance (σ2

ϵ) - are useful to evaluate the model overall 
performance, inform the choice of the penalty value ω, and determine which factors to 
include in the SDF. Such criteria are centered around the estimation of ordinary least 
squares (OLS) time-series regressions 

 

Xnt = αn + Ftψ⊤
n + ϵnt, n = 1,...,N,   t = 1,...,T, (7) 

where the intercept αn  captures the magnitude of the asset-specific pricing errors.  Put  
simply, Eq. (7) is the OLS counterpart of the factor model of Eq. (1), but differs for two  
main reasons. First, it includes the intercept, while the factor model imposes no intercept  
and hence the residuals have means that are not necessarily zero. Second, the OLS regression  
and the factor model yield the same estimates of ψn  only when RP-PCA uses ω = 0. This  
is because the pricing-error term of Eq. (6) drops out, and hence the two methods minimize  
the same objective function.11 Nevertheless, LP argue that the difference turns out to 

√ 
be negligible in the data.  Thus, one can use Eq. 

∑N 
(7) to compute RM Sα  =  αα⊤/N, 

and σ2
ϵ  =1

N  n=1 [Var(ϵ
n)/Var(X

n)]impliedby  F. Note 
that these two statistics should move in opposite direction as the penalty ω varies; ceteris 
paribus, for higher values of the penalty, the pricing error should diminish at the cost of 
higher variance of the idiosyncratic component. Hence, based on these statistics, one can 
evaluate the trade-off, and pin down the optimal value of the RP-weight, ω. 

10If the estimated factors are orthogonal, ΣF  is diagonal and  bM V  is a vector with entries  bM V,k  =  
µF,k/σ2

F,k ,whereµ
F,k  andσ

F,k  denotethek-thfactor’sestimatedmeanandvariance.Wefollowcommon  
practice and search for a small number of factors whose linear combination with constant loadings in the  
SDF price assets unconditionally. In a recent paper, Chernov et al. (2020) depart from this approach in that  
a single factor drives the SDF and its loading varies over time. Such factor is constructed via a conditional  
mean-variance efficient portfolio approach. To do so, they form a conditional linear projection of the SDF  
on the space of currency excess returns. 

11RP-PCA with ω = −1 yields the same estimates of Eq. (7) applied to demeaned Xnt and Ft. LP show  
that, also for ω > 0, RP-PCA loadings can be retrieved using OLS regressions. We return to this issue in  
the next section. 
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2.1.2 Candidate Factor Price of Risk Estimation 

So far, we showed how to efficiently estimate the latent factors (in a way that also weak  
factors with high Sharpe ratios should be detected) and how to select the factors entering  
the optimal SDF. All of this is instrumental to then being able to apply the GX three-pass  
method to obtain accurate estimates of the candidate factors’ risk premia, which we present  
next. 

1.   Test-Asset Exposures to Latent Factors (ψ).  The first pass consists of es- 

timating test-asset risk exposures to latent factors.  Because GX use PCA to extract the  
latent factors, they obtain the risk exposures through time-series OLS regressions of test- 
asset excess returns on the latent factors. As mentioned earlier, this is no longer exact when  
the factors are extracted using RP-PCA with ω > 0.  However, the exposures ψ implied  
in the factor model of Eq. (1) can still be recovered using OLS regressions. To do so, one  
has to transform the excess return data and the factors in such a way to incorporate the  
information of the pricing errors. Specifically, the time-series OLS regressions become 
 

Xnt = Ftψ⊤
n + ϵnt, n = 1,...,N,   t = 1,...,T, (8) 

 

where Xnt =Xnt+ω Xnt, and the vector Ft contains elements defined as Fkt = Fkt + ωFkt for 

k=1,. . . , K, with ω =  √ω + 1 − 1. In this way, the RP-PCA risk exposures can be retrieved for 
any value of ω. 

2.   Latent Factor Prices of Risk (γ).  The second pass delivers the estimates of the 
prices of risk of the latent factors.  The estimates are obtained by running a cross- 

sectional regression of average realized excess returns on the previously estimated exposures 
of the test assets to the latent factors, 

 

Xn = ψnγ⊤ + an,   n = 1,...,N, (9) 
 

where γ is the 1 × K vector of the latent factor prices of risk.12 

3.   Candidate Factor Price of Risk (λg ). The last pass of the GX procedure yields  
the price of risk of the candidate factor gt. First, one projects the candidate factor onto the  
space of latent factors, by running a time-series spanning regression of the candidate factor 

12Note that the factors extracted using the RP-PCA method are return-based with unrestricted means.  
Hence, under no-arbitrage, factor prices of risk equal their means, i.e., γ = µF . However, the second pass is  
still useful, as it allows us to determine the uncertainty around the estimates (which will be accounted for  
in the computation of the standard errors of the candidate factors’ prices of risk) and evaluate the fit of the  
latent factor model. 
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innovation, gι
t,  on the demeaned latent factors,  Fι

t  =  Ft − µF , as 
follows 
 

gιt = Fι
tη⊤ +u

t, (10) 
 

where η is the 1 × K vector collecting the loadings of the candidate factor on the K latent 
factors. Then, using the estimated η-exposures, one implements 
 

λg =  γη⊤, (11) 

ĝt = Ftη⊤, (12) 

and obtains the price of risk of the candidate factor,  λg, and the cleaned return-based 
candidate factor, ĝt  (i.e., the non-tradable factor after the removal of measurement error, ut, 
and converted into a tradable return-based factor). 
 

3  Test Assets and Factors 

In this section, we first describe the exchange-rate data, and explain how excess returns 
are computed. We then present the currency portfolios (test assets), and the non-tradable 
macro-financial factors (candidate risk factors). 
 

3.1  FX Data and Excess Returns 

FX Data.  We collect spot exchange rates and one-month forward rates vis-à-vis the U.S.  
dollar (USD) from Barclays and Reuters, available via Datastream. We take the perspective  
of a U.S. investor, and define the exchange rate as units of USD per unit of foreign currency  
(FCU), that is, FCU/USD. Hence, an increase in the exchange rate corresponds to an appre- 
ciation of the foreign currency. The empirical analysis is based on monthly data obtained by  
sampling end-of-month FX rates from October 1983 to December 2017. Our sample covers 

49 currencies, of which 15 are regarded as developed countries following standard definitions in 
prior literature (e.g., Menkhoff et al., 2012a). It is important to note that the sample size is not 
fixed, given that it varies over time as data for some currencies are not available from October 
1983, or some currencies cease to exist due to the adoption of the euro.  That is, we work 
with an unbalanced panel of individual currency returns. 

Moreover, to construct the signals needed to form the portfolios for some trading strate- 
gies, we complement our data with spot exchange rates and one-month forward rates quoted  
against the British Pound over the period from January 1976 to October 1983, which are  
also provided by Datastream. We use triangular no-arbitrage relations to retrieve exchange 
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and forward rate quotes against the U.S. dollar (i.e., by using FCU/GBP and USD/GBP, 
one obtains FCU/USD). By doing this, we obtain longer time series for spot and forward 
rates data for a number of developed countries. We provide detailed information on the FX 
data in the Internet Appendix (Section I). 

FX Excess Returns. Currency excess returns are defined as follows 
 

Xit+1 =  Sit+1 −F
it, (13) 

Sit 

where Fit is the forward exchange rate that matches the spot exchange rate Sit for currency  
i (Bekaert and Hodrick, 1993). According to Eq. (13), the excess return results from buying  
the foreign currency in the forward market at time t, and selling it in the spot market at time  
t + 1. As a matter of convenience, throughout this paper we refer to the forward premium 

fpit =S it−F it ≈ iit − it as either the forward premium or interest rate differential relative 
Sit 

to the U.S. dollar, with iit  and it  denoting the foreign and U.S. interest rate, respectively.  
Indeed, under covered interest parity (CIP), the interest rate differential is equal to the  
forward premium. As is usual in the literature, we compute FX excess returns using forward  
rates rather than interest rate differentials for two main reasons. First, marginal investors  
(such as, e.g., hedge funds and large banks) that are responsible for the determination of  
exchange rates trade mostly using forward contracts (e.g., Koijen et al., 2018).  Second,  
for many countries, forward rates are available for much longer time periods than short- 

term interest rates. It is reasonable, however, to exclude the months when CIP is strongly  
violated; in doing so, we follow Kroencke et al. (2014) and Della Corte et al. (2016b), among  
others (see Section I, in the Internet Appendix). 

3.2 Test Assets 

A large cross section of test assets is central to the validity of the GX three-pass method  
(Giglio and Xiu, 2020). Our test assets are currency portfolios rather than individual curren- 
cies. By using portfolios, we can average out idiosyncratic components of currency returns  
and focus only on their systematic risk (Cochrane, 2005). Moreover, portfolios dynamically  
include individual currencies as their returns and signals become available, resulting in a  
balanced panel of test assets. 

We consider currency portfolios associated with widely-used trading strategies. However,  
we exclude from the baseline analysis investment strategies that are not available for a  
significant part of the 1983-2017 period.  Overall, our baseline sample, consists of N = 46  
currency portfolios that stem from nine popular investment strategies. Namely, the currency  
strategies are: carry (e.g., Lustig et al., 2011; Menkhoff et al., 2012a), short-term and long- 
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term momentum (e.g., Asness et al., 2013; Menkhoff et al., 2012b), currency value (e.g.,  
Asness et al., 2013; Kroencke et al., 2014; Menkhoff et al., 2017), net foreign assets and  
liabilities in domestic currencies (Della Corte et al., 2016b), term spread (Bekaert et al.,  
2007; Lustig et al., 2019), long-term yields (Ang and Chen, 2010), and output gap (Colacito  
et al., 2020). In subsequent analysis, we also consider the volatility-risk-premium strategy  
(e.g, Della Corte et al., 2016a).  In what follows, we refer to these strategies as Carry, ST  
and LT Mom, Value, NFA and LDC, Term, LYld, GAP, and VRP, respectively. 

We provide a detailed description of each investment strategy in the Internet Appendix  
(Section I); here we note that these strategies differ in the signals used to allocate currencies  
into portfolios (e.g., interest-rate differentials, past returns, etc.), but the sorting schemes  
are similar.  In fact, all strategies are tradable in real time, and rest on single sorts (with  
the exception of some of the global-imbalance portfolios which use double sorts on net  
foreign assets and the proportion of foreign currency denomination of liabilities).13  At time  
t, currencies are allocated to N P portfolios using the past signal for the selected strategy.  
Then, for a generic portfolio n, the excess returns realized between time t and t + 1, Xnt+1,  
are computed as the equally-weighted average of the individual currency excess returns  
allocated to that portfolio.  In line with most of the FX literature, we use N P = 5 for  
single-sorted portfolios.  By construction, as we move from portfolio 1 (P1) to portfolio 5 

(P5), the portfolios should contain currencies with increasing riskiness. Hence, if the risk- 
return trade-off holds, the spread portfolio (HML) - the return difference between P5 and P1 
- should give a positive return because P5 contains currencies with high risk, whereas P1 
includes currencies with low risk. 
 

3.3  Candidate Risk Factors 

We now turn to the non-tradable (or non-return-based) candidate risk factors for which  
we aim at estimating the price of risk.  These factors feature in the last pass of the GX  
three-pass method (see Section 2.1.2), which is implemented separately for each candidate  
factor. Therefore, the choice of a candidate factor does not affect the analysis of the other  
factors. 

To begin with, we consider a reasonably long list of macro factors.  In this way, we  
shed light on the link between the macroeconomy and asset returns, which is a central  
issue in macro finance (Cochrane, 2017).  While the link is clear in theory, it is hard to  
establish empirically. Currency returns are no exception in this regard, and the disconnect  
is possibly even more evident than in other financial markets. In theory, currency returns and 

13We refer to single sorts when a single trading signal is used to sort currencies into portfolios. Conversely,  
we refer to double sorts when two trading signals are sequentially used to sort currencies into portfolios. 
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macro fundamentals are tightly linked together (e.g., Hassan, 2013; Gabaix and Maggiori,  
2015; Ready et al., 2017; Berg and Mark, 2018a).  In reality, the link between the two is  
weak (Meese and Rogoff, 1983; Mark, 1995), or highly unstable (Rossi, 2013; Fratzscher  
et al., 2015).  A recent finding, however, is that macro fundamentals seem to be strongly  
connected to the cross section of currency returns (e.g., Colacito et al., 2020; Dahlquist and  
Hasseltoft, 2020). That said, macro fundamentals are often poorly measured and are clearly  
non-tradable risk factors, so that both sources of bias are likely to be sizable. 

We also consider another set of non-tradable risk factors that is gaining momentum in  
the asset pricing literature, which pertains to financial conditions.  The global financial  
crisis has spurred an extensive literature on volatility and liquidity risks (e.g., Menkhoff  
et al., 2012a; Karnaukh et al., 2015), uncertainty shocks (e.g., Bekaert et al., 2013; Dew- 
Becker et al., 2017), and the leverage of financial intermediaries (e.g., Adrian et al., 2014; He  
et al., 2017). These factors are also non-tradable, and their measurement is often imprecise.  
Furthermore, some of these measures are global, while others focus on the U.S. market. Most  
measures are specific to equities and bonds, but there is by now overwhelming evidence that  
financial and uncertainty shocks can easily propagate across markets. We therefore attempt  
to capture such complexity by using multiple popular measures of (il)liquidity, volatility,  
and uncertainty. 

In addition to macro and financial variables, we also extend the analysis to the recently 
developed text-based factors, which are obtained by aggregating into an index news coverage 
about specific sources of uncertainty.  Text-based indicators based on news coverage of 
policy uncertainty and, more recently, of equity market volatility are becoming increasingly 
prominent in the literature (e.g., Baker et al., 2016; Baker et al., 2019). Their sub-categories 
are also particularly informative about asset returns (e.g., Giacoletti et al., 2021).  We 
therefore assess also the risk premia of many text-based factors.  In this way, we broaden 
the measurement of macro-financial risks. 

Taken together, our list of non-tradable factors consists of a total 132 factors, which we  
find useful to group as macro (80), financial (22), and text-based (30). However, the following  
additional observations are in order.  First, the set of factors is comprehensive but by no  
means exhaustive, mainly because some factors are not available at the monthly frequency.  
Second, the distinction across categories is largely adopted for convenience, not being exact  
for some factors, especially for those capturing multiple sources of risks.14 Finally, as is  
common in the asset pricing literature (Merton, 1973), we do not use the factors as such but 

14For example, the latent factors of Jurado et al. (2015) are placed in the group of financial factors, but 
they also contain macroeconomic information. Similarly, some text-based factors measure uncertainty 
related to the macroeconomic environment. 
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we first convert them into innovations, capturing the unexpected changes in the factors (in 
the baseline analysis, we simply use the residuals from AR(1) processes as, e.g., in Menkhoff et 
al., 2012a). A brief overview of the candidate factors and more detailed motivations for 
selecting them are provided in the Appendix (Section B). 
 

4 Empirical Analysis 

In this section, we present the main findings of the empirical analysis.  To start with, we  
assess the cross section of portfolio currency returns using simple metrics (Section 4.1).  
We then present the RP-PCA estimates of the pricing latent factors and shed light on the  
properties of the optimal currency SDF (Section 4.2).  Finally, we turn to the three-pass  
estimates of the prices of risk of the non-tradable candidate factors (Section 4.3). 
 

4.1  Currency Portfolios 

Table A3, in the Internet Appendix, presents summary statistics of the currency portfolios,  
i.e., our test assets, associated with the nine investment strategies described in Section 3.2.  
We find that 22 out 46 individual portfolios deliver statistically significant returns. Impor- 

tantly, all strategies deliver spread HML portfolios with positive and statistical significant  
average returns, with the exception of the LY ld portfolio.  Since HML portfolios are self- 

financed long-short strategies, they represent U.S. dollar-neutral strategies.  Moreover, for  
these HML portfolios the average excess return is the price of risk, given that it has unit  
exposure by construction. Therefore, the average return of the HML portfolio is a key statis- 
tic to look at. Carry, ST Mom and GAP HML portfolios yield the highest expected excess  
returns (7.3, 6.9, and 6.7 percent per annum, respectively), while LYld and Term HML  
portfolios display the lowest excess returns (1.9 and 2.8 percent per annum, respectively). 

We then resort to an intentionally simple exercise to visually illustrate the risk-return  
trade-off inherent in the currency portfolios.  Figure 1, top panel, shows that “low-signal”  
portfolios (P1, P2) tend to be mostly placed in the bottom left-hand corner (low risk/ low re- 
turn), whereas “high-signal” portfolios (P4, P5) in the top right-hand corner (high risk/high  
return). In short, with few exceptions, higher returns seem to compensate for higher risks,  
which is consistent with the existence of a risk-return trade-off in currency portfolios. In the  
bottom panel, we instead present the evolution of HML portfolios’ cumulative returns, which  
clearly shows the higher performance of Carry, ST Mom and GAP investment strategies,  
but also that the underlying sources of risk differ. For example, during the global financial  
crisis ST Mom strongly outperforms Carry. 
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Pair-wise correlations among HML portfolios (Table A4, in the Internet Appendix) are  
also of interest, as they provide a first piece of suggestive evidence on the factor structure of  
the optimal currency SDF. Above all, Carry appears to be a dominant strategy, as not only  
it yields the highest returns, but it also correlates positively with many other strategies.  
LYld and, to a lower extent, Term HML portfolios strongly correlate with Carry (76 and 

54 percent, respectively), but on the backdrop of substantially lower returns than Carry.  
The global imbalances HML portfolios, LDC and NFA, also appear to be tightly linked  
to Carry.  Hence, Carry singles out as a pervasive strategy.  Moreover, and perhaps not  
surprisingly given that the signals of both strategies depend on past returns, the excess  
returns of ST and LT Mom portfolios are positively related, but their correlation is not  
particularly high (around 25 percent), possibly due to mean reversion in returns. However,  
in absolute terms, the LT Mom spread portfolio co-moves mostly with the Value portfolio  
(around -39 percent). Moreover, in line with the extant literature (e.g., Koijen et al., 2018),  
we find that momentum strategies have low correlation with Carry, suggesting that they  
may be driven by a separate risk factor.  Similarly, the GAP strategy exhibits a high risk  
premium, and yet displays particularly low correlations with respect to the other strategies. 

In sum, while some strategies are strongly related, others are weakly or even negatively 
related, suggesting that multiple sources of risks seem to drive currency returns.  It is, 
however, ex-ante unclear how many slope risk factors - other than “Carry” - are needed to 
capture the risk-return trade-off in the FX market. Next, we turn to assess more formally the 
structure of the optimal latent-factor currency SDF. 
 

4.2  Currency Pricing Kernel 

To begin with, we extract the latent factors from the panel of currency portfolios using  
different values of the RP-weight.15  We contrast the estimates from models using PCA with  
those from models using RP-PCA with higher and increasing values of the RP-weights.  
These models can differ in terms of the detection of the factors, the factor compositions,  
and the order of the factors. To highlight differences across models, we first assess the factor  
“signal strengths”, also recurring to statistical tests.  We then complement this statistical  
information with the model diagnostics based on the three economic evaluation criteria:  
idiosyncratic variance (σϵ), root-mean-square pricing error (RM Sα), and maximal Sharpe 

15Both PCA and RP-PCA require a balanced panel of test asset returns. To deal with missing observations  
in X, we replace them with the sample mean of returns.  This procedure seems to perform better than  
alternative ones in our context.  However, note that this method, and many others, result in a distortion  
of the distribution of the data. This is because the variance of the filled variable and the correlation with  
other variables are reduced. For this reason, in the 1983-2017 period baseline analysis, we exclude portfolios  
constructed using signals that are available for a substantially shorter period, such as VRP portfolios. 
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ratio (SR). In doing so, it emerges that RP-PCA outperforms PCA, and that reasonably 
high RP-weights should be used. 

Latent Factor “Signal Strengths”. As explained in Section 2.1.1, the ability to detect  
a factor depends on the factor’s signal-to-noise ratio.  In RP-PCA, the “signal strength”  
of a factor is captured by the associated eigenvalue of the matrix (1

TX⊤X+ωX
⊤ X),call  

it ΣRP .  To begin the analysis, it is therefore useful to inspect the behavior of the largest  
eigenvalues of ΣRP , both plain and normalized by the idiosyncratic variance, as the latter  
more closely relate to the “signal-to-noise” ratio.  Table 1 presents this (and additional)  
information, focusing on the six largest eigenvalues and the associated factors.16 

First, we consider the case of PCA, i.e., RP-PCA without overweights on the means  
(ω = −1). The first eigenvalue (3.22) is symptomatic of a systematic, strong factor, given  
that it is large and substantially higher than the rest of the estimated eigenvalues.  The  
second eigenvalue is substantially lower than the first (0.18), indicating that the associated  
factor is “less strong”, being relevant for fewer assets.  However, the second factor also  
stands out as its eigenvalue is well separated from the subsequent eigenvalues.  In fact,  
the remaining eigenvalues are smaller in magnitude and roughly of comparable levels with  
each other. The same pattern in eigenvalues is evident when implementing RP-PCA with  
ω = 0 (not reported), i.e., PCA applied to the correlation matrix. In contrast, for models  
with ω > 0, the third factor becomes more clearly separated from the remaining factors.  
With ω = 10, the value of the third eigenvalue (0.14) is twice as large as that of the fourth  
eigenvalue (0.07). 

At the same time, higher values of the RP-weight also enhance the signal strengths of the 
first two factors.17  These patterns are more evident for higher values of the RP-weight; all of 
this can be easily visualized in Figure 2. In short, using RP-PCA, the factor “signal 
strengths” are enhanced and polarized in fewer factors. In this way, relevant factors that are 
not detected by PCA are instead identified by RP-PCA, as is the case of the third factor. To 
corroborate this interpretation, we apply the statistical tests of Onatski (2010) and Giglio 
and Xiu (2020) - O and GX tests, respectively - to the same ΣRP  matrix.  Consistently, 
both tests detect two factors using PCA, and three factors using RP-PCA (see Figure 2). 
Thus, we can conclude that the third factor is weak, but presumably with high SR, being 
therefore relevant for pricing the cross section of test assets. 

To shed light on this conjecture, we assess what drives a factor’s overall “signal strength”,  
by simply inspecting its composition. Thus, we try to establish whether a factor (i) is strong 

16We find that the remaining eigenvalues have negligible “signal strengths”. 
17For this reason, the absolute difference between  F2 and  F3 is essentially the same for ω = 0 and 10 (i.e., 

0.18). But, for higher RP-weights,  F2 and  F3 become increasingly separated (e.g., 0.32 for ω = 20). 
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or weak, and (ii) with high or low Sharpe ratio. To do this, we contrast the eigenvalues of  
ΣF

RP =ψ(Σ
F +(1+ω)µ

FµF )ψ⊤ withthoseofΣ
PCA =ψΣ

F ψ⊤.18  Thetwotypesofeigenvalues  

capture the overall and time-series strength of the associated factor, respectively. The time- 
series strength is informative about whether a factor is weak or strong. Instead, a comparison  
of the two types of eigenvalues is revealing about the factor pricing relevance, and hence  
about whether it is a low or high SR factor. Weak factors are factors that explain a small  
set of test assets, so that these factors should have low variance, i.e., low time-series signal  
strength. Meanwhile, if the overall strength exceeds the time-series strength, the factor is  
likely to also have high average returns (i.e., risk premia). Thus, intuitively, factors with low  
time-series strength and high overall strength denote weak factors with high Sharpe ratios. 

Table 1 shows that the factors’ time-series strengths are unchanged as the RP-PCA  
weight increases. Hence, for RP-PCA with ω > 0, the improvement in the factors’ overall  
strength is entirely due to the risk-premium component. For higher values of the RP-weight,  
relevant factors are better separated from the remaining factors, but also between themselves  
(see Panel A.III Difference). Recall that, in RP-PCA, factor orderings in terms of variances  
and “signal strengths” may not coincide, exactly because of the effect of the means. However,  
for ω = 20, we find that factors ordered first tend to have not only higher variances but also  
higher means. This is not the case using RP-PCA with low weights (e.g., ω = 5). Moreover,  
for ω = 20, leaving aside the first factor (which is strong but with relatively low Sharpe  
ratio), weak factors also display descending Sharpe ratios.19 Of particular interest are the  
second and third factors which, as we suspected, are weak factors with high Sharpe ratios  
(0.35 and 0.28, respectively; see Panel B, Table 1).  The fourth factor is also weak with a  
positive and significant risk premium, but its Sharpe ratio is half that of the third factor.  
The remaining factors have zero risk premia, and hence are time-series factors. 

Thus far, we documented that RP-PCA with reasonably high RP-weights increase factor  
“signal strengths” and polarize the information in a small number of factors. In doing so, it  
helps us estimate factors more efficiently, as documented also by LP for equities. Moreover,  
RP-PCA detects weak factors with high Sharpe ratios, which are missed by the standard  
PCA (the third FX factor is a clear example in this regard). These factors are particularly  
hard to identify, and yet have important asset pricing implications, exactly because of their  
large risk premia.  In our context, their omission is likely to distort the candidate factor 

18Recall from Section 2.1.1 that ΣRP−PCA should converge to ΣF
RP .  In the empirical analysis, we limit the  

focus to the six largest eigenvalues/factors. Also note that, following LP, we normalize the loadings such that  
the factors are orthogonal with each other and have different means and variances. Specifically, we adopt the  
Gram-Schimdt method, which has the benefit of orthogonalizing the factors sequentially. The models based  
on the original and orthogonal factors are observationally equivalent. Factors are orthogonalized mainly to  
facilitate their economic interpretation, e.g., regarding their distinct contributions to the currency SDF. 

19Note that the results documented using ω = 20 are basically unchanged for ω = 30, 40, 50. 
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risk-premium estimates. 
Next, to complement the above evidence, we proceed with the analysis of the other eval- 

uation criteria used to inform the choice of the RP-weight. We also try to better characterize  
the properties of the optimal latent-factor currency SDF, going beyond its dimension. 

Optimal Currency SDF (ϕ(Fω  K)).TheselectionoftheRP-weightrespondstothedual  

objective of achieving a model with good pricing performance and stable SDF maximal  
Sharpe ratio, while preventing the variance of the idiosyncratic variance to increase too  
much. In short, there might be a trade-off such that higher (lower) RP-weights imply lower  
(higher) pricing errors (e.g., RM Sα) at the cost of higher (lower) idiosyncratic variance (σϵ).  
Table 2 evaluates the trade-off for different RP-weights (ω = −1, 10, 20, 50).  We consider  
SDFs of increasing dimension, including up to six latent factors associated with the six  
largest eigenvalues of matrix ΣRP . 

To start with, we note that σϵ  increases with the RP-weight. The increase is, however,  
negligible for the optimal three-factor SDF, and is somewhat more pronounced for the two- 
factor SDF. In fact, as ω varies from -1 to 50, σϵ  increases from 17.37 percent to 17.72  
using ϕ(F1−3), and from 19.35 percent to 20.70 using ϕ(F1−2). As expected, RM Sα  moves  
inversely with the RP-weight; what is instead striking are the large economic gains in terms  
of pricing accuracy.  For example, based on ϕ(F1−3), RM Sα  is around 1.33 with ω = −1,  
while it drops to 0.81 with ω = 50.  The cross-sectional R2  and M AE reveal a similar  
pattern of the model’s pricing performance. For example, the ϕ(F1−3)’s R2  increases from 

43 percent with ω = −1 to slightly less than 100 percent with ω = 50.  This evidence, 
taken together, shows that in practice there is no trade-off in selecting high RP-weights in 
our data, which is consistent with the earlier evidence of stable time-series signal strengths 
across RP-weights in Table 1. 

Note that RM Sα  is lower using ϕ(F1−3) with ω ≥ 20 than using ϕ(F1−6) with ω = −1.  
Based on the R2  and M AE criteria, we find similar evidence also for lower values of the 
RP-weight.  Thus, the RP-PCA method, implemented with a reasonably high RP- 

weight, achieves lower pricing errors than PCA also for more parsimonious SDFs.  This is 
consistent with the fact that, by using RP-PCA, the factors’ “signal strength” is polarized in 
a small set of factors, as explained before.  This analysis also suggests that the latent 
factors estimated by means of RP-PCA from the cross section of FX portfolios are more 
efficiently estimated, and more closely related to the “true” unobserved FX factors.  This 
complements the evidence uncovered by LP for equity portfolios. 

Moreover, it is also apparent that, based on ϕ(F1−3), the marginal gains in terms of  
pricing performance obtained by using large RP-weights are small. In essence, pricing-error 
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statistics tend to stabilize for ω > 20, and we do not see additional benefits in using RP- 

weights higher than 20. Hence, the optimal FX pricing kernel consists of the three RP-PCA 
factors, extracted using ω = 20. 

To complete the analysis, we inspect the maximal SRs (Panel B, Table 2).  To start  
with, we compare the SRs implied by the optimal SDFs of RP-PCA and PCA. We find that  
the SR of ϕ(F1−3) with ω = 20 is roughly three times higher than the SR of ϕ(F1−2) with  
ω = −1 (0.46 vs. 0.14). However, even for SDFs of equal dimension, the SR of RP-PCA  
is substantially higher than that of PCA (0.46 vs. 0.26).  Such a wedge is almost equally  
due to F2  and F3, as both factors’ means and SDF-weights increase, albeit to different  
extents, when moving from ω = −1 to ω = 20. While F2 SDF-weights and means increase  
monotonically with the RP-weight, those of F3  display hump-shaped patterns. Also note  
that, for ω ≥ 20, the SRs of the three-factor SDFs display only marginal increases. 

By looking at the SDF-weights (bM V ) the distinction between time-series and cross- 

sectional pricing factors is also apparent. The former do not enter the SDF, while the latter  
take non-zero weights and contribute to price currency portfolios.  Regardless of the RP- 
weight, two out of the six extracted factors are time-series factors. However, using RP-PCA  
instead of PCA, the order of the factors changes. In fact, using PCA the fourth and sixth  
factors are time-series factors, whereas with RP-PCA the fourth factor becomes a pricing  
factor, so that the fifth and sixth factors are time-series factors.20 That said, recall that  
based on the statistical tests, the fourth factor is not selected, and thus is excluded from  
the SDF. Consistently, Table 2 reveals that also its pricing contribution is small. Therefore,  
the drop in σϵ, due to its inclusion in the SDF, is not sufficient to increase the fourth-factor  
signal-to-noise ratio in a way that it is selected by the statistical tests. 

Overall, we can conclude that the optimal latent-factor currency SDF consists of three  
factors and that a RP-weight of 20 seems a plausible choice. Nevertheless, in Section 5, we  
test the robustness of the estimates of the candidate factors’ risk premia both in terms of  
SDF dimension and RP-weights. Next, we assign an economic interpretation to the pricing  
factors. 

Risk Exposures (ψ) and Factors Interpretation. Thus far, we extracted the latent  
factors and determined the structure of the currency SDF. Hence, we are ready to implement 

20Using RP-PCA, we obtain an SDF that consists only of factors with significant means, and therefore  
leaves out time-series factors.  This resembles the robust SDF of Kozak et al. (2020), KNS henceforth.  
However, KNS extract factors using PCA and then impose sparsity, by dropping factors with means below a  
threshold. Moreover, factors’ SDF-weights are shrinked toward zero relative to the mean-variance weights.  
Thus, both the factors and their weights differ from ours, as RP-PCA changes the construction of the  
factors and relies on the mean-variance weights (Lettau and Pelger, 2020b). What is common between the  
two, however, is that both methods are able to detect weak factors with high Sharpe ratios. This becomes  
intuitively clear if one expresses the k-th factor’s mean as µF,k  = σF,k SRF,k .  Put simply, both methods  
“overweight” the information in the first moments. 
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the three-pass method of GX. However, note that the estimates of the risk exposures and  
of the latent factors’ prices of risk - the first-two steps of the GX method - are already  
subsumed into the RP-PCA factor estimation.  On the one hand, the risk exposures, i.e.,  
the currency portfolios’ loadings on the latent factors, are implicit in Eq. (8). On the other  
hand, the point estimates of the latent factors’ prices of risk are simply given by the factors’  
mean returns. This differs from GX as in their case factors are demeaned, and hence their  
risk prices are inherently model dependent and need to be estimated using the FMB two- 
pass procedure.  Next, we assess the risk exposures and, in doing so, relate the factors to  
the investment strategies. 

As explained before, we center the empirical analysis around the orthogonalized latent  
factors.  The test-asset risk exposures to the factors, and their statistical significance, can  
be recovered using Eq. (7).  Specifically, we estimate K × N OLS regressions, as we add  
the factors one by one, so that we consider SDFs of increasing dimension. By doing this, we  
can also determine the distinct contribution of each factor, exactly because the factors are  
orthogonal.  For the same reason, adding extra factors does not change the risk-exposure  
estimates to the factors ordered before. While we established that the optimal SDF consists  
of three factors, we perform the analysis using all six latent factors (i.e., K = 6).  In this  
way, we can also establish which investment strategies mostly drive the factors left out of  
the optimal SDF. 

To begin with, we find that portfolios’ exposures to the first factor,  F1t, are positive and  
roughly equal across portfolios (not reported). This evidence is consistent with a level, strong  
factor interpretation. In short, the first factor resembles the Dollar factor (e.g., Verdelhan,  
2018). Figure 3 presents the HML portfolios of the nine investment strategies exposures to  
the other estimated orthogonalized factors. To present the main findings, we focus on the  
HML portfolios as they are arguably more interesting than individual portfolios. Moreover,  
in this way, we can visualize the evidence about all strategies in a clear and concise manner.21 

The second latent factor,  F2t, retains a clear interpretation as it mostly relates to “Carry”.  
In fact, the Carry spread portfolio displays a strong positive exposure to F2t, and the associ- 
ated R2 is roughly 70 percent. Moreover, Carry portfolios’ exposures to this factor increase  
monotonically, as we move from P1 to P5.  All other HML portfolios are, to some extent,  
positively exposed to F2t. In terms of R2s, F2t mostly explains LYld, Term, LDC, and NFA  
spread portfolios, while it is substantially less relevant for momentum and value strategies. 

21Given that these portfolios are not included in the sample of test assets, their risk exposures are derived 
ex-post from the corner portfolios’ exposures. As shown before, they can be equivalently estimated together 
with the factors’ marginal contributions from Eq. (7).  In the Internet Appendix, Figures A1 and A2 present 
the individual portfolios exposures (ψn) and marginal contributions (R2

n),respectively.Weomitto plot 
portfolios’ exposures and explained variations associated with the first factor, as it becomes easier to visually 
detect the exposures and marginal contributions of the other factors. 
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Conversely,  F3t  is tightly linked with momentum investment strategies, and especially 
with ST Mom. In fact, ST Mom portfolios’ loadings on F3t increase from large negative (P1) to 
positive (P5) values, and the pattern across portfolios is almost monotonic.  Similarly, LT 
Mom corner portfolios load with opposite signs on F3t.  The GAP spread portfolio is also 
positively exposed to F3t. Notably, GAP portfolios’ exposures to F3t strongly resemble those 
of LT Mom portfolios. Hence, we uncover a novel relation between price momentum 
strategies and a macro strategy such as GAP.22 

We can therefore conclude that the three-factor optimal currency SDF consists of a “Dol- 
lar” factor, a “Carry” factor, and a “Momentum” factor. Interestingly, while all strategies’  
spread portfolios are positively exposed to the first two factors, most strategies are neg- 

atively exposed to the “Momentum” factor.  Thus, in line with Lustig et al. (2011) and  
Verdelhan (2018), we find that the the currency SDF includes the “Dollar” and “Carry”  
factors.  However, we show that an additional “Momentum” factor should also feature in  
the SDF. In this sense, our evidence more closely echoes that in Chernov et al. (2020), al- 
beit uncovered using a substantially different methodology.23  Next, we turn to analyze the  
remaining factors. 

Of particular interest is  F4t, given that it also displays a positive risk premium. Moreover,  
it has an intuitively clear interpretation.  In fact, it presents a close nexus with the Value  
spread portfolio. P1 and P5 Value portfolios display negative and positive loadings on F4t,  
respectively. The loadings of the middle portfolios reveal a monotonically increasing pattern.  
Meanwhile, it is also apparent the strong association between F4t and the LT Mom spread  
portfolio. However, LT Mom portfolios display monotonic but decreasing exposures to F4t.  
Therefore, F4t could partly be responsible for the negative correlation between (long-term)  
momentum and value strategies documented in Table A4 and by Asness et al. (2013) for  
many other asset classes. In this sense, the LT Mom spread portfolio behaves as an hedge  
asset with respect to value risk. At the same time, F4t seems to drive the disconnect between  
ST and LT Mom strategies. 

The  F5t  and  F6t  risk exposures, albeit relevant for some specific portfolios, display no  
clear patterns. Thus, it is hard to assign a precise interpretation. But it is not surprising 

22This differs, to some extent, from the weak association between price and economic momentum strategies 
(Dahlquist and Hasseltoft, 2020).  At the same time, the remaining spread portfolios are mostly exposed 
negatively to F3t (LYld and NFA, in particular). 

23Chernov et al. (2020) assess the relation between the unconditional mean-variance efficient portfolio  
(UMVE) and the PCs extracted from a panel of individual currency or strategy returns.  They document  
that PCs other than the first two (i.e., “Dollar” and “Carry”), whose identity is instead unclear in their  
case, contain additional valuable information in explaining UMVE portfolio returns.  Moreover, they find  
that appropriate conditioning in the formation of the UMVE portfolio is key to achieve a good pricing  
performance; not only carry signals but also those of momentum and value strategies need to be accounted  
for in the estimation of conditional expected returns. Thus, this conditioning information closely resembles  
that spanned by our currency SDF; the role of the “Value” factor will be analyzed next and in Section 5. 
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exactly because they are time-series factors, while HML portfolios clearly relate to currency 
risk premia. Before concluding, we note that some of the HML spread portfolios show low 
R2s (e.g., GAP); this issue will be dealt with in detail in Section 5. 

Latent Factor Prices of Risk (γ). As a first cross-validation exercise, we check that  
the model-free estimates of the latent factors’ prices of risk (i.e., the factor means) match  
those obtained using the second-pass of the GX method, i.e., the FMB estimates. We find  
that the two types of estimates are equal (i.e., µF = γF). This is reassuring as it shows  
that the no-arbitrage assumption is preserved (e.g., Cochrane, 2005).  Specifically, for the  
selected SDF with ω = 20, the prices of risk of the pricing factors are roughly γF,1= 18.5,  
γF,2=11.4, and γF,3=9.3 percent per annum. Based on Newey-West standard errors, γF,1  is  
statistically significant at the five percent level, while the remaining two at the one percent  
(see Table 1). The estimates of the prices of risk of the latent factors are not particularly  
informative per se, but they are a crucial input to then being able to estimate the prices  
of risk of the non-tradable candidate risk factors, λg s.  To get a good estimate of λg , it is  
important that the latent-factor model does a good job in pricing the test assets.  Only if  
this is the case, one can argue that the price of risk estimates of the candidate factors are  
not affected by omitted-variable and measurement-error problems. 

The superior pricing performance of the RP-PCA model with ω = 20 relative to the 
PCA model already emerges in Table 2. To better appreciate the differences between these 
two estimation methods, Figure 4 plots realized versus model-implied average portfolios’ 
excess returns.  If a model prices perfectly the cross section of portfolios’ returns, all data 
points lie on the 45 degree line.  We find that the pricing performance of the RP-PCA 
model based on the optimal three-factor SDF is extremely accurate: the pricing errors are 
indeed small, and there is no tendency for the model to systematically misprice portfolio 
returns. By inspecting the two-factor SDF evidence, the gain from adding an extra factor 
clearly emerges. This reiterates the importance of including the “Momentum” factor to the 
currency SDF, in addition to the “Dollar” and “Carry” factors. 

Finally, the comparison between left and right panels of Figure 4 highlights the sub- 

stantially lower pricing performance of the PCA models.  This is evident if one compares 
models’ with SDFs of equal size and, even more, if one contrasts the evidence for the respec- 
tive optimal SDFs (i.e., the two- and three-factor SDFs for PCA and RP-PCA, respectively). 
Overall, this analysis validates the use of ϕ(F1−3) based on RP-PCA to determine the prices of 
risk of the candidate factors, to which we turn next. 
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4.3 Candidate Factor Risk Premia 

Spanning Regressions. The last pass of the GX procedure consists of projecting each of the 
candidate non-tradable factors onto the space spanned by the estimated latent factors. We 
do this by estimating the following regressions 

 

gι
jt =  ajk +  F1:ktη⊤ + ujkt,   

j = 1,...,J,   k = 1,...,K,   t = 1,...,T,  (14) 

where gι  jt istheAR(1)innovationoftheselectedj-thnon-tradablefactor.Weagainperform  
the regression analysis by expanding the set of latent factors, by adding one factor at a time,  
F1:kt, to single out their marginal contributions in terms of R2s. We therefore run a total  
of J × K regressions. In the GX framework, the R2s help quantify the measurement errors  
in the non-tradable factors. Specifically, a low (high) R2 implies a big (small) measurement  
error.24 

Explained Variation (R2). Figure 5 shows the R2s associated with each of the latent  
pricing factors, grouped by type of candidate factor. Within each group, candidate factors  
are sorted by the total R2s.  We find that the measurement-error problem is pervasive, as  
the R2s are low, with some notable exceptions.  At the same time, some distinct patterns  
across types of candidate factors emerge.  A few financial factors display R2s that exceed 

10 percent; these factors mostly relate to financial and liquidity conditions, volatilities, the  
interbank market and intermediaries’ leverage.  For most of these factors, the overall R2s  
are driven by all three factors, albeit mainly by the “Carry” factor. There are of course few  
exceptions as is clearly the case for the global financial condition index. (Its R2 is above 35  
percent, and is mostly driven by F1, although the absolute contribution of F2 is also large.) 

In comparison with financial factors, the R2s of text-based factors are generally lower. 
Moreover, the “Carry” factor is by far the most relevant factor, given that for many factors 
(especially for those with higher R2s) it accounts for almost the entire R2s. The U.S. EMV 
factors’ R2s tend to be higher than those associated with the U.S. EPU indices, though 
with the notable exception of the global EPU index.  Finally, turning to macro factors, they 
present much lower R2s, at most in the range of 1-2 percent. The overall picture of the drivers 
is more mixed. In fact, for a number of macro factors, the “Dollar” and “Momentum” factors 
are the main determinants of the R2s. 

24Eq. (14) is the empirical counterpart to Eq. (10). It differs as we include the intercept and do not use  
the factors in deviation from their means. In this way, the R2s are more meaningful, and yet the η-exposure  
estimates are unchanged.  While the difference is negligible, when we compute the standard errors of the  
candidate factors’ prices of risk using the formula in GX, we implement Eq. (10). Also note that, as is usual  
in the asset pricing literature, we measure candidate factors as AR(1) innovations.  We then standardize  
the innovations such that the resulting factors have also unit variances, which helps compare the estimates  
across candidate factors. 
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Factor Exposures (η).  Before inspecting the η-exposures, we note that all latent  
pricing factors are procyclical factors, as they command positive risk premia.  In essence,  
procyclical factors rise in good states of the world, while dropping in bad states.25  It follows  
that a candidate factor with a positive (negative) η-exposure to a specific risk factor is  
procyclical (countercyclical) with respect to that source of risk. Thus, the η-exposures are  
economically meaningful objects. However, it is important to note that a candidate factor  
can present exposures of opposite signs to the individual risk factors. Therefore, only the risk  
premium of the candidate factor will reveal whether the factor is either procyclical (positive  
risk premium), countercyclical (negative risk premium), or acyclical (no risk premium) with  
respect to the state of the world. 

Table 3 reports the estimates of the η-exposures of the factors.  In the table, to help  
summarize the evidence, we focus on the candidate factors with significant prices of risk,  
based on the optimal SDF (we provide the evidence for all candidate factors in the Internet  
Appendix, Table A8).  To start with, we note that financial factors tend to have expo- 

sures of the same sign to the “Dollar” and “Carry” factors (the latter are generally more  
precisely estimated).  The signs of the η2  estimates are consistent with the usual sources  
of risk inherent in currency carry strategies (e.g., liquidity and volatility risks) previously  
documented by the literature; however some specific risk factors are novel (e.g., otic, move,  
lib ois).  Interestingly, the exposures to the “Momentum” factor take opposite sign, but a  
smaller number of these exposures are statistically significant. Put differently, this evidence  
suggests that carry and momentum strategies respond to some of the same financial risk  
factors, but in opposite directions.26  Turning to the text-based factors, the evidence is even  
more clearcut:  none of the factors is exposed to the “Dollar” factor, while all factors are  
negatively exposed to “Carry”.  Only few factors are exposed to the “Momentum” factor,  
but (as before) with opposite sign with respect to “Carry”, hence positive in this case. 

Overall, we uncover a tight nexus between the currency and other markets that is mainly 
channeled through the “Carry” factor, lending support to the argument of Koijen et al. 
(2018) that “. . . carry could be a unifying concept that ties together many return predictors 
disjointly scattered across the literature from many asset classes.”.  Finally, as expected, 
macro factors display only few significant η-exposures. 

Return-Based Factors (F η⊤). To complement the above analysis, we visually inspect  
some examples of return-based factors. A return-based candidate factor is the original factor 

25Investors require positive premia to hold assets that perform poorly in bad states of the world.  Con- 
versely, hedge assets deliver negative premia, as they move inversely with the state of the economy, and 
hence offer protection in bad states of the world. 

26Meanwhile, we observe that only few candidate factors present significative η-exposures to the other 
three factors, which nevertheless are excluded from the optimal SDF. 
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cleaned from measurement error, and converted into a return factor using the η-exposures, 
being a linear combination of the latent factors F η⊤). In practice, the original non-tradable 
factor becomes tradable by investing in the underlying currency portfolios. 

Figure 6 shows selected candidate factors, transformed into return-based factors using  
SDFs of different dimension. In this way, we can appreciate how the return-based factors’  
evolutions and levels change as the “Momentum” factor is added to the SDF. Top panels  
present two examples of factors (gepu and gvol) that are exposed significantly to the “Carry”  
factor, but not to “Momentum”. Conversely, bottom panels refer to factors (icap and gliq)  
that are exposed significantly to both “Carry” and “Momentum” factors, but with opposite  
and economically large estimates.  It is evident that, by moving from the two-factor to  
the three-factor SDF, the factor mean returns drop significantly, so that their risk premia  
eventually vanish. The in-depth analysis of the factors’ risk premia is presented next. 

Risk Premia.  In what follows, we present the last piece of evidence resulting from the  
third pass of GX. That is, we report the estimates of the risk premia of the candidate non- 
tradable factors, free from both the omitted-variable and measurement-error problems. As  
explained in Section 2, one can also use the standard FMB two-pass procedure to obtain  
such estimates but, crucially, only if all relevant control factors are included in the SDF,  
and the candidate factors are measured without noise. The evidence reported so far clearly  
shows that the measurement-error problem is material.  The omitted-variable problem is  
also likely to be important, and can therefore add to the measurement-error problem.  To  
shed light on the severity of both problems, we first estimate factor risk premia by means  
of the standard FMB two-pass method. 

FMB Two-Pass Method.  We rely on univariate SDFs, which consist of a constant and 
the candidate factor at hand. In practice, for each candidate factor j, we specify the SDF as 
ϕt  = 1 − gι 

jtbj. Hence, we intentionally omit from ϕt  other potentially relevant risk 
factors, ft, that could enter the SDF along with the candidate factor, gt. In this way, the 
omitted-variable bias can manifest in its full strength. 

The omission of potentially relevant factors from the SDF is indeed common in the  
asset pricing literature, and arguably even more prominent in the FX literature.  This is  
because most of the extant studies on currency returns tend to recur to parsimonious SDFs,  
consisting of the Dollar factor, the candidate factor, and eventually one or (rarely) two  
control factors. The Dollar factor is needed to pin down the level of currency returns, while  
the other factors are slope factors that help capture the dispersion in returns. 

The limited number of control factors also stems from the fact that the cross section of  
currency portfolios is relatively small, having proliferated only over the past decade or so. As 
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a result, the primary focus so far has been mainly to try to explain the risk-return inherent in 
the proposed novel strategies.  This is why in the literature FX investment strategies have 
been mostly assessed in isolation.  At the same time, the limited number of tradable 
currencies implied that FX strategies resulted in few, generally five, portfolios. This in turn 
also constrains the number of control factors that can be added to the SDF. 

By now, however, the cross section of currency portfolios has become reasonably large. 
Thus, the pricing performance of a novel factor can be assessed using larger cross sections of 
FX portfolios; an increasing number of studies is following this approach (e.g., Della Corte et 
al., 2016b). But the issue regarding the choice of control factors still remains unresolved. In 
practice, the number of control factors typically used remains small and its selection varies 
across studies. Put simply, while it is clear that the Dollar factor needs to be included, it is 
unclear which (if any) slope factors should be added. We therefore favor simplicity and 
robustness, and select the most parsimonious benchmark SDF (including solely the level 
factor along with the candidate factor), which is actually by and large in line with the FX 
literature. Hence, it seems a plausible SDF to benchmark the GX risk-premium estimates, 
which allows the omitted-variable problem to manifest in full. 

Based on FMB, we find that 92 out of the 132 candidate factors present estimates of  
the prices of risk that are statistically significant at least at the 10 percent level.27 Table  
4, first column, reports the FMB estimates for selected factors (i.e., those that have also  
GX significant prices of risk for at least one of the displayed SDFs).  For the majority of  
factors, the signs of the estimated prices of risk are in line with theoretical priors.  For  
example, standard countercyclical factors (e.g., global FX volatility) display negative prices  
of risks, while usual procyclical factors (e.g., intermediaries’ capital ratio) positive prices of  
risk. Thus, the FMB estimates seem to point to a very large number of significant factors,  
i.e. a “factor zoo”, for FX returns. 

GX Three-Pass Method. Table 4 presents the factor risk-premium estimates obtained 
using the GX three-pass method.  Along with the risk-premium estimates (λg ), and the 
associated standard errors (se), the table reports the candidate factors’ Sharpe ratios (SR), to 
better evaluate their economic relevance. It also presents the p-value for the Wald test that 
the candidate factor is weak (pval), where the null is that the factor is weak, i.e. η = 0. We 
refer to Giglio and Xiu (2020) for details on the computation of risk-premium standard errors 
and the weak-factor test p-value. 

Before turning to the individual factor estimates, we note that the three-pass risk- 

premium estimates are substantially lower than the FMB ones.  In Table 4, this finding 
27Specifically, delving into the factor groups, we find statistically significant risk premia for 16 out of the 

22 financial factors, 26 out of the 30 text-based factors, and 50 out of the 80 macro factors. 
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holds to a large extent regardless of the specific SDF considered. Too high estimates of the  
prices of risk are likely to be caused by the measurement-error problem. In fact, when a fac- 
tor is measured with noise, an attenuation bias characterizes the estimates of the portfolios’  
risk exposures to that factor in the first pass of FMB. This bias in turn leads to inflated  
prices of risk estimates in the second pass (e.g., Adrian et al., 2014).  A close look at the  
table suggests that the problem seems to be less relevant for financial than for text-based  
and macro factors. 

Based on the optimal SDF, ϕ(F1−3), we find that the financial factors with significant  
risk premia are 10 out of 22.  Thus, the list of financial factors is long and diverse, albeit  
shorter than that uncovered using FMB. The global volatility factor of Menkhoff et al.  
(2012a) singles out, as its risk premium is large and precisely estimated. The systematic FX  
liquidity measure of Karnaukh et al. (2015) is also priced, while the global liquidity measure  
of Menkhoff et al. (2012a) is not. Moreover, a number of factors relating to liquidity (noise  
and psliq) and volatility (move and vxo) conditions in the U.S. bond and equity markets  
turn out to have statistically significant risk premia. The TED spread (ted) is also a relevant  
factor, and its significance stems from its interbank market credit-risk component (lib ois).28  

These factors highlight the tight link between FX returns and other markets. Interestingly,  
the quantity-based TIC flow measure (otic), proxying for foreign central banks’ demand for  
US Treasuries, is positive and significant. Thus, it is a procyclical factor, possibly suggesting  
that foreign central banks tend to build up their reserves in good states of the world. Global  
financial conditions (gfc) also seem to matter for FX returns. 

Turning to the text-based factors, 14 out of 30 are priced factors.  In comparison with 
financial factors, the number of significant text-based factors drops even more substantially 
relative to FMB. The global EPU index of Baker et al. (2016) stands out as its risk pre- 

mium is the highest (in absolute terms) and the most precisely estimated. Conversely, the 
U.S. EPU indices are not priced.  At the same time, a number of EMV indicators display 
significant negative risk premia. Some of the category-specific EMV trackers are even more 
precisely estimated than the overall index; namely, those relating to the macroeconomy and 
monetary policy (i.e., emv mout, emv mqnt, and emv mp). 

To conclude the list of factors, we find that few macro factors are (weakly) priced in the  
cross section of currency returns; specifically, 17 out of 80 macro factors, stemming from  
six distinct macro factors. In particular, the world unemployment growth rate specified in  
differences versus the U.S. (unew/us) displays a negative risk premium, at many frequen- 
cies. The world industrial production index also presents a negative risk premium (ipw/us), 

28The OIS rate and hence the TED components are available for a shorter period than TED. Over that 
period, both the OIS-TBill and TED spreads are not significant. 
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mainly when specified in differences versus the U.S. and at the quarterly frequency.  The 
risk premium on yearly world inflation (cpiw) is also negative. Consumption growth risk is 
negative and weakly significant (cus). However, unlike the other types of factors, several of 
the signs of the macro risk premia seem not to align with theoretical priors (e.g., Lustig and 
Verdelhan, 2007; Zviadadze, 2017).29 

The absolute magnitude of macro risk premia is lower, on average, than that of text- 

based and financial factors with significant risk premia.  Conversely, macro factors’ SRs  
tend to be higher, especially those associated with unemployment.30 However, it is also  
evident that most of the macro factors are weak factors.  To gain a better understanding  
of this evidence, in the next section, we turn to assess the estimates for SDF of different  
dimensions. 
 

5  Robustness Analysis and Discussion 

To complete the analysis, we perform a number of additional checks.  In what follows, we  
comment on the two main exercises. That is, we assess to what extent the candidate factors’  
risk-premium estimates vary with the dimension of the SDF and with the RP-weights. We  
then briefly illustrate the remaining robustness exercises that are presented in detail in the  
Internet Appendix (Section IV). We conclude the section with a brief discussion. 

Pricing Kernel Dimension Robustness. Along with the optimal SDF estimates, Table 

4 also presents the risk-premium estimates associated with the two- and four-factor SDFs 
(ϕ(F1−2) and ϕ(F1−4) panels, respectively). In this way, we can evaluate to what extent the 
omission of relevant slope pricing factors (i.e., the “Momentum” factor, F3), or the inclusion of 
less relevant ones (i.e., the “Value” factor, F4), weigh on the risk-premium estimates and on 
the associated statistics. 

We find that the exclusion of the “Momentum” factor from the SDF materially impacts  
on the risk-premium estimates.  This effect is particularly evident for financial and text- 

based factors. In fact, for these factors, the risk-premium estimates are substantially higher  
(in absolute terms) when using ϕ(F1−2) instead of ϕ(F1−3).  This is exactly because, as  
shown earlier in Table 3, most factors tend to have η-exposures to F2 and F3 of opposite  
signs.  Thus, by omitting a weak factor with high SR as is F3, risk premia appear higher  
than what they should be. This is for example the case of the corporate credit risk (corp) 

29For example, considering the prospective of the U.S. investor, consumption growth risk is high in good 
states of the world and low in bad states. As a result, it should command a positive premium, while it turns out 
to be negative. 

30This evidence is largely consistent with the evidence in Nucera (2017), documenting a significant risk 
premium when sorting currencies on unemployment rates. 
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and intermediaries’ capital ratio (icap) factors, whose  λg  and SR decrease in absolute 
value  
when F3 is added to the SDF. Text-based factors seem to follow a similar qualitative pattern.  
Conversely, macro factor risk-premium estimates tend to increase in absolute terms, because  
their η-exposures to “Carry” and “Momentum” factors are generally of the same sign. 

Relatedly, two observations are in order. First, if the risk premium reduces in absolute  
terms, the SR also drops.  This is because latent factors are orthogonal to each other, so  
that the return-based candidate factor’s variance increases with the dimension of the SDF.  
Put differently, there is no diversification of risk by adding extra pricing factors in the SDF.  
Second, we can reject the null that the candidate factor is weak, and yet its risk premium  
can be zero.  This is a direct consequence of significant η-exposures of different signs.  In  
essence, there can be two types of non-tradable factors with zero risk premia:  weak and  
non-weak candidate factors. The latter are still relevant factors as can help price the cross  
section of currency returns.  Thus, they should not be neglected, when considering SDF  
including non-tradable factors. 

By adding the “Value” factor to the three-factor SDF, the absolute risk-premium esti- 

mates are comparatively more stable than when detracting the “Momentum” factor. This  
is consistent with the fact that factor η-exposures to “Value” tend to be smaller than to  
“Carry” and “Momentum”, coupled with a lower price of risk of “Value”.  Some macro  
factors’ risk premia eventually increase when using ϕ(F1−4), but the effect is economically  
small.31 

Taken together, this analysis shows that selecting the optimal SDF is key to obtain  
precise estimates of non-tradable factors’ currency risk premia. In particular, the omission  
of the “Momentum” factor can materially affect the risk-premium estimates in a non-trivial  
way. 

RP-Weight Robustness. Next, we shed light on the effect of the RP-weights on the can- 
didate factor risk-premium estimates. To start with, Table 5 presents the estimates for the 
SDF consisting of three latent factors extracted using low (ω = −1, PCA), medium (ω = 20, 
baseline), and high (ω = 50, high) RP-weights. That is, we contrast the baseline estimates 
reviewed before with those obtained using two extreme RP-weights. 

As for the PCA case, we find little difference in terms of the number of financial and  
text-based factors with significant risk-premium estimates relative to the baseline. However,  
for many of these factors, the point estimates deviate substantially.  For example, moving  
from ω = 20 to ω = −1, the risk premium of Global EPU (gepu) drops in absolute terms  
from −1.33 to −0.82, and similarly that of TED from −0.99 to −0.66; these reductions 

31Note that the effects of  F5  and  F6  on the candidate factors’ risk premia are essentially nil, exactly 
because they are time-series factors. 
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are economically meaningful being in the order of one third.  The absolute risk-premium  
estimates of text-based factors are generally lower using PCA than RP-PCA, while no sys- 
tematic pattern is evident for financial factors. In this sense, macro factors are of particular  
interest. In fact, essentially none of the factors delivers statistically significant risk premia.  
Thus, using PCA currency returns appear even more disconnected from macro factors. 

However, PCA deviates from RP-PCA also regarding the size of the currency SDF.  
In fact, the joint analysis of PCA factors’ “signal strengths” and trade-offs suggested a  
two-factor SDF (see Section 4.2). As a result, to fully appreciate the differences in the risk- 
premium estimates between RP-PCA and PCA models, one should contrast the evidence  
from the three-factor SDF with ω = 20 with that from the two-factor SDF with ω = −1  
(Table A9, in the Internet Appendix).  In doing so, the differences become even starker.  
Specifically, using the two-factor SDF with ω = −1, some financial factors’ risk premia are  
no longer significant, others become significant, many of those that remain significant are  
very different economically (e.g., the risk premium of gvol halves). Moreover, only roughly  
two thirds of the text-based factors still display significant risk premia, and none of the  
macro factors. 

In contrast, we find that the use of an high RP-weight leads to small differences in the  
risk-premium estimates.  Regardless of the factor types, many factors display essentially  
unchanged risk premia. This evidence on currency returns lends support to LP’s argument  
that choosing too high penalties is not harmful, and evidently less so than relying on PCA  
to extract the factors. 

Additional Robustness Exercises.  The inclusion of HML portfolios to the sample of  
test assets is arguably the most relevant additional exercise to mention. While the analysis  
is carried out in detail in the Internet Appendix (Section IV.1), the main findings can be  
summarized as follows. We still find that there is essentially no trade-off in choosing higher  
RP-weights. Factors’ “signal strengths” increase with the RP-weights, and the information  
becomes polarized in fewer factors. The key pricing factors retain the same interpretation  
of “Dollar”, “Carry”, and “Momentum” factors. However, the optimal SDF now seems to  
include also the fourth, “Value” factor (thus the SDF again consists only of factors with  
significant means).  But the price of risk and the Sharpe ratio of the “Value” factor are  
low in comparison with the other pricing factors. At the same time, only few non-tradable  
factors display significant η-exposures to “Value”. As a result, the non-tradable factor risk- 
premium estimates are essentially unchanged using either the three- or four-factor SDFs  
(hence being similar to the baseline estimates), so that the inclusion of F4 mostly adds noise  
around the λg estimates. Rather, by including HML portfolios, the main difference seems to 
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be that the extracted latent factors better explain the information of the highly profitable  
trading strategies other than Carry (i.e., ST Mom and GAP). But this information is mostly  
spanned by factors that are not relevant for pricing, being excluded from the SDF (i.e., F5 

and F6). 
In Section IV.2, we list a number of additional robustness checks for the baseline 1983- 

2017 sample period, which mostly pertain to the test assets. We also present the short 1998- 
2013 sample period estimates, which allow us to consider strategies based on the currency- 
option data. While option data appear to contain valuable information to predict currency  
returns, they are available only from the late 1990s (e.g., Della Corte et al., 2011; Della Corte  
et al., 2016a; Della Corte et al., 2020).  Specifically, we add to the test assets the VRP  
portfolios of Della Corte et al. (2016a) which end in 2013. Overall, we find that the resulting  
evidence is largely robust. 

Discussion.  Before turning to the concluding remarks, we discuss an important aspect  
of the GX three-pass method: the method delivers robust estimates of a candidate factor  
price of risk but is silent about portfolios’ risk exposures to the factor (even if cleaned from  
noise and converted into a return-based factor). The reason is that λg is rotation invariant,  
while the individual portfolios’ risk exposures to the gt  factor are not. This relates to the  
fact that the underlying latent factors are themselves not rotation invariant; see Giglio and  
Xiu (2020) for more details. 

Therefore, the three-pass method alone does not allow us to determine how much of  
portfolios’ excess returns are due to a specific non-tradable risk factor. Relatedly, for a given  
cross section of test assets, we cannot establish the pricing accuracy of the non-tradable risk  
factor.  This is because portfolios’ risk exposures are key to test the validity of any asset  
pricing model. For example, to assess the cross-sectional fit of the model, the widely used  
pricing-error test requires the estimates of both the factor prices of risk and test-asset risk  
exposures (Cochrane, 2005). 

It is still possible to estimate the portfolios’ risk exposures to the risk factor, but one  
needs to first take a stand on what the other observable control factors are. For example,  
Feng et al. (2020) explore a similar problem and recur to LASSO regression methods to  
select the other relevant factors. In this way, one can first specify the “true observable” SDF  
consisting of the control factors, add the candidate factor, and then implement the standard  
FMB two-pass procedure. This way of proceeding clearly comes at additional costs, as one  
needs to construct all possible risk factors, tradable or not, in addition to the test assets.  
Thus, differently from the three-pass method, one can no longer remain agnostic about the  
set of true control factors. 
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However, our empirical findings can inform this exercise along several dimensions.  On  
the one hand, they should help restrict the universe of potential control factors, even if one  
were to recur to LASSO. For example, a reasonable starting point would be to select the  
non-tradable factors with significant prices of risk, prioritizing those with high Sharpe ratios  
and that are not weak. On the other hand, the observable-factor SDF should arguably span  
the same sources of risks that drive the optimal latent-factor SDF, which should help detect  
potential missing factors. 
 

6 Concluding Remarks 

In this paper, we revisit the macro-financial sources of the risk-return trade-off inherent in  
popular currency investment strategies, which span most of the risks embedded in currency  
returns. Our final goal is to achieve robust estimates of the currency risk premia of more than  
100 non-tradable candidate macro-financial risk factors of different types (using also text- 
based measures). Such estimates are valid also when some relevant factors are omitted from  
the pricing kernel (omitted-variable bias), or some of the candidate factors are measured  
with error (measurement-error bias). To do so, we use the three-pass method of Giglio and  
Xiu (2020), which we combine with the Risk-Premium PCA method of Lettau and Pelger  
(2020a,b) - a generalized version of PCA regularized by a pricing-error penalty term.  In  
this way, we are able to estimate efficiently the underlying latent pricing factors and detect  
all relevant factors, including weak factors, which are notoriously hard to identify. Hence,  
we also shed light on the properties of the optimal latent-factor currency pricing kernel. 

We find that the optimal currency pricing kernel includes three latent factors: a strong  
U.S. “Dollar” level factor, and two weak, high Sharpe ratio “Carry” and “Momentum” slope  
factors. We show that this pricing kernel delivers a reasonably high maximal Sharpe ratio  
and low pricing errors, which is not the case when the factors are extracted by means of  
standard PCA. At the same time, these two methods display negligible differences in the  
explained systematic variation of the portfolios.  Hence, in practice, we find no trade-off  
in choosing RP-PCA (also with reasonably high weights) instead of PCA. Moreover, using  
standard PCA, the “Momentum” factor would be omitted from the pricing kernel, due to  
its low time-series “signal strength”. 

Based on this optimal pricing kernel, we then show that a large portion of the non- 

tradable factors is due to noise. This helps explain why the standard two-pass FMB method  
can deliver inflated estimates of non-tradable factor prices of risk. In particular, we find that  
this problem is pervasive for macro factors, while it is more contained for some financial and  
text-based factors. Moreover, we document that “Carry” is by far the most relevant factor 
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for financial and text-based factors. However, the omission of the “Momentum” factor can 
lead to distorted risk-premium estimates. In fact, many financial factors display significant 
exposures to both the “Carry” and “Momentum” factors, but of opposite signs. 

Overall, we find that a reasonable number of non-tradable - mostly financial and text- 

based - factors are indeed priced in currency returns.  Some of the non-tradable factors  
previously uncovered by the literature turn out to be less or even not relevant, while other  
“novel” factors (i.e., which were not previously related to currency returns) appear to be  
relevant, disclosing a tight link between the currency and other markets, mainly channeled  
through the “Carry” factor. In particular, our findings highlight the relevance of a number of  
uncertainty (e.g., the Global EPU index of Baker et al., 2016) and volatility (e.g., the Global  
FX volatility factor of Menkhoff et al., 2012a) measures, and of some liquidity indicators.  
Conversely, our estimates confirm a substantial disconnect between currency returns and  
macroeconomic conditions, especially as both sources of bias are accounted for. 

Taken together, the evidence uncovered contributes to our understanding of the risk- 

return trade-offs inherent in currency returns and, more broadly, of risk premia variation, 
which takes central stage in the current asset pricing research agenda.  In particular, we 
make some progress in solving the FX “factor zoo” which, albeit in its infancy compared to 
other markets, is rapidly expanding. 
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A  Appendix: Asset Pricing Methods 
 

A linear SDF is given by 

ϕt = ξ[1 − (ft − E[ft])b⊤], (A.1) 

where ξ is the intercept, ft  is a 1 × K vector of generic risk factors at time t, E[ft] is the 

vector of factor means, and b is the vector collecting the loadings of the SDF on the risk 

factors. Specifically, the loading bk  denotes the marginal contribution of the k-th factor to the 

SDF, conditional on the other factors.  Then, let us denote the excess return on asset n at 

time t by Xnt, for n = 1, . . . , N test assets.  Under no-arbitrage, risk-adjusted excess returns 

have a price of zero and satisfy the standard Euler pricing equation 
 
 
E(ϕtXnt) = 0. (A.2) 

By combining Eqs.  (A.1) and (A.2), and using some simple algebra, one can decompose 

expected excess returns as follows 
 
 

E[X] = cov(Xt, ft)b⊤. 
 
 
The linear SDF implies the following beta-pricing representation 

 
 
E[X] = cov(Xt, ft)Σ−1f  Σf b⊤, 

 
 

(A.3) 
 
 
 
 
 

(A.4) 
| {z } | {z } 

β λ⊤ 

whereby expected excess returns depend on the 1×K vector of risk prices (λ), and the N ×K 

matrix of risk quantities (β). Thus, the n-th asset excess return is given by E[Xn] = βnλ⊤. It is 

apparent that risk exposures are asset specific, while the prices of risk are common to all 

assets.  That is, the price of risk of the k-th risk factor (λk) denotes the compensation 

required by the investor for a unit exposure to that factor. 

It is common practice to estimate asset-specific risk exposures (βn) and the prices of  

risk (λ) using the two-pass procedure of FMB. The first pass delivers estimates of the risk  

exposures, whereas the second pass of the prices of risk. Specifically, the first pass consists  

of running N OLS time-series regressions of test-asset excess returns on the vector of risk 
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factors 

Xnt = αn + ftβ⊤n + ϵnt, n = 1,...,N,   t = 1,...T, (A.5) 
 

where the intercept αn denotes the n-th asset risk-adjusted excess return. Then, the second 

pass is a cross-sectional regression of the test assets’ expected returns on the previously 

estimated betas βn, including or not a constant. Empirically, it is standard to proxy expected 
1 ∑T 

returns, E[Xn], with the average realized excess returns, Xn  = T t=1 Xnt, so that the 

second-pass cross-sectional regression is given by 
 
 
Xn = βnλ⊤ + an,   n = 1,...,N, (A.6) 

where an is the n-th asset’s pricing error, λ is the 1 × K vector of prices of risk, and  βnλ⊤ is  

the n-th asset’s model-implied risk premium, or excess return. The estimates of the prices  

of risk are given by λ = β β⊤β)−1, where β is the matrix collecting the assets estimated  

risk exposures, and X is the vector of assets’ average realized excess returns. Note that it  

might be useful to include a constant in Eq. (A.6), Xn  = c + βnλ⊤ + an, to capture the  

common mispricing in test-asset expected excess returns (e.g., see Burnside, 2011). 
 

B  Appendix: Candidate Risk Factors 

Next, we provide a brief overview of the candidate factors and motivations for considering 

them. We present the detailed list and description of the factors in the Internet Appendix 

(Section II, Tables A5-A7). 

Financial Risk Factors.  This category includes a wide range of financial factors that  

either represent key sources of risk specific to the FX market or are notoriously relevant  

across asset classes.  To start with, we focus on FX risk factors that feature in the FX  

literature, such as the global FX volatility and liquidity factors of Menkhoff et al. (2012a),  

and the systematic FX liquidity measure of Karnaukh et al. (2015). We then revisit the role  

of global risk factors that were already related to currency returns; for example, we consider  

the TED spread, a measure of funding liquidity risk (e.g., Brunnermeier et al., 2008); the VIX  

index, i.e., the so called “fear gauge”, an indicator of global risk aversion (e.g., Ranaldo and 
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Söderlind, 2010)32; and, the financial intermediaries’ capital ratio, capturing intermediaries’  

prominent role in determining prices, given that they act as marginal investors in many  

asset classes (e.g., Adrian et al., 2014; Gabaix and Maggiori, 2015; He et al., 2017).33 

Along with these factors, we consider other factors that notoriously drive risk premia  

of many asset classes but that - to our knowledge - have received little attention in the  

FX context, despite they are likely to be highly relevant also for FX returns. These factors  

include the liquidity measure of Pastor and Stambaugh (2003), a proxy for liquidity risk  

in the equity home market of the U.S. investor; the noise measure developed by Hu et al.  

(2013), a broad measure of liquidity conditions in the U.S. Treasury bond market that  

relates to the availability of arbitrage capital; the Merrill Lynch Option Volatility Estimate  

(MOVE) Index, a “barometer” of the U.S. Treasury market conditions, often referred to  

as “the VIX for Bonds”; Treasury International Capital data on official flows into U.S.  

Treasuries, a quantity-based factor, capturing foreign central banks’ inelastic demand for  

Treasuries, which can affect Treasuries yields (e.g., Krishnamurthy and Vissing-Jorgensen,  

2012) and currency returns (Gourinchas et al., 2020; Greenwood et al., 2020); the spread  

between BAA and AAA rated bond yields, a measure of credit risk in the U.S. corporate  

bond market, which helps price both the cross section of bond and equity returns (Fama  

and French, 1993); the Libor-OIS and the OIS-TBill spreads, the two components of the  

TED spread that are informative about tensions in the U.S. interbank market and flight to  

liquidity, respectively (Caballero et al., 2008); the realized volatility of crude oil prices; the  

global financial cycle factor of Miranda-Agrippino and Rey (2020), a broad-wide measure  

of global financial conditions; and, the three latent macro/financial factors constructed by  

Jurado et al. (2015).  Evidently, albeit the list is by no means exhaustive, it is long and  

diverse. Therefore, taken together, these factors should capture multiple sources of financial  

risks that pertain to a wide range of asset classes. 

Macro Risk Factors. This category consists of macroeconomic factors that serve as prox- 

ies for U.S. and world business cycle risks.  Given that no macroeconomic factor alone is 

32As is usual in the literature (e.g., Koijen et al., 2018), we use the implied volatility of S&P100, i.e., 
VXO, as its sample starts earlier than VIX, and the two measures are strongly related. (The results are 
similar using VIX.) 

33In the empirical analysis, we use the measure of He et al. (2017) as it is available at a monthly frequency. 
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sufficient to fully capture the economic environment of a country, we take an agnostic ap- 

proach and explore many widely used macroeconomic factors.34 In fact, while there is a 

general consensus on how to measure inflation, this is less the case for real activity and 

consumption risk.35 At the same time, the empirical analysis is conducted at a monthly 

frequency, which restricts somewhat the set of macro variables available. 

Specifically, for the U.S., we consider the industrial production index, the Chicago Fed 

National Activity Index (CFNAI), the consumer price index, personal consumption expen- 

ditures, non-farm payrolls, and the unemployment rate. These macro variables are regarded 

as potential financial market movers and, for this reason, featured over the years in the 

asset pricing literature. Thus, they should capture adequately the macro risks in the home 

country of the representative investor.  For most of these variables, however, there is no 

agreement on the frequency of their measurement.  We do not take a stance and measure 

the variables as monthly, quarterly and yearly growth rates. For these frequencies, we also 

employ exponential moving averages.  In this way, we reduce the likelihood that a macro 

factor is not selected as pricing factor due to its measurement.36 

While U.S. data are also informative about global macroeconomic disturbances (Zvi- 

adadze, 2017), given the prominent role of the U.S. economy in the world financial system  

and trade (Maggiori, 2017), we also consider a range of foreign countries’ macroeconomic  

data. Due to data limitations, we focus on a subset of the U.S. macroeconomic variables (i.e.,  

the industrial production index, the consumer price index, and the unemployment rate). We  

measure foreign countries’ macro indicators as before. However, we face the additional task  

of aggregating individual country’ macro indicators into a global indicator. To do this, we  

follow common practice and compute GDP-weighted averages of country indicators. In the 

34Anecdotal evidence suggests that traders tend to look at simple indicators, rather than at economic 
indices. Moreover, our method is implemented on each indicator in isolation. Hence, we do not aggregate or 
extract common factors from these macro factors, rather use them one by one. 

35In theory, consumption growth risk is arguably the most relevant macro fundamental for asset prices. 
However, measuring consumption growth risk is not trivial, as its definition varies with the types of agents 
and goods considered. For example, Malloy et al. (2009), Gonzalez-Urteaga and Rubio (2016), and Giglio 
and Xiu (2020) opt to use an aggregate measure of U.S. consumption growth risk, which has also the pros of 
being available at a monthly frequency. 

36Regardless of the choice of the specific variable, measures of economic activity often require the estima- 
tion of unobserved equilibrium objects (like the natural rate of employment or potential output), which are  
notoriously hard to quantify, and are inherently model and hence also sample dependent. For this reason,  
we opt to use growth rates that are not contaminated by judgment and/or estimation error, being readily  
available to the investors. 
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empirical analysis, we use these global indicators in levels, but also in differences relative 

the U.S., consistent with the fact that simple portfolios are not dollar-neutral investment 

strategies.  We also construct measures of macro risk that capture the cross-sectional dis- 

persion in the state of the business cycle across countries. We do so by taking each month 

the cross-sectional standard deviation of the individual country indicators.37 

Text-Based Risk Factors. This category comprises factors that are obtained by aggre- 

gating into an index news coverage about specific sources of uncertainty. Therefore, they are  

clearly non-tradable factors. The U.S. Economic Policy Uncertainty (EPU) Index developed  

by Baker et al. (2016), which quantifies newspaper coverage of U.S. policy-related economic  

uncertainty, is arguably one of the most well-known text-based indicator. (Another widely  

used indicator of economic uncertainty is the index of Jurado et al., 2015.) Policy uncertainty  

is perceived by the investors as a highly undiversifiable source of risk, and should therefore  

command a positive risk premium (e.g., Pastor and Veronesi, 2013). That is, uncertainty- 

averse investors should demand extra compensation to hold assets with negative uncertainty  

betas, whereas they should be willing to pay high prices for assets with positive uncertainty  

betas (Bali et al., 2017).  Relatedly, the U.S. EPU index turns out to help explain the 25  

size and momentum Fama-French portfolios (Brogaard and Detzel, 2015). Hence, by now,  

there is compelling evidence that U.S. EPU is a risk factor for equities. 

More recently, sub-indices of the U.S. EPU index based on news data and measuring  

different sources of policy uncertainty (e.g., fiscal, monetary, etc.) became available. More  

fundamentally, EPU indices have been developed for a wider set of countries and aggregated  

into a global version. This in turn paves the way to assess the relation between EPU indices  

and currency returns, which so far have been mostly related to equity returns.  A notable  

exception is Berg and Mark (2018b) that document a link between global EPU and Carry  

excess returns. Mueller et al. (2017) examine the link between exchange rates and monetary 

37It is important to note that we do not consider macro data in real time, for two main reasons. First,  
real-time data are not available for most of the foreign countries over sufficiently long time periods. Second,  
our objective is to explain macro factors with the currency (latent) factors, and not the other way around.  
Thus, the use of real time data is arguably less relevant. Finally, we intentionally omit measures of stochastic  
variance of macroeconomic variables - the silent feature of macroeconomic data (e.g., Zviadadze, 2017) - as  
also these objects are model dependent. However, some of the text-based measures, presented next, capture  
macroeconomic uncertainty/risk of different sources, and hence more closely relate to the second moments  
of macroeconomic variables. 
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policy uncertainty, both theoretically and empirically; in one of their empirical specifications, 

they use the EPU index. 

Moreover, the same approach - based on the search and the counting of selected terms  

from newspapers - has been used to construct a newspaper-based U.S. equity market volatil- 

ity (EMV). This tracker and its sub-categories provide novel insights about the determinants  

of equity market volatility (Baker et al., 2019). Thus, we conjecture that EMV indices are  

also likely to be relevant for many assets, including currency returns. Therefore, we consider  

a battery of text-based risk factors, which essentially consist of EPU and EMV indices, and  

their sub-categories. 
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Table 1: Latent Factor Signal Strengths 

The table presents latent factors’ statistics and signal strengths. The factors are estimated using  
the RP-PCA method.  Specifically, they are the eigenvectors associated with the K = 6 largest  
eigenvalues of the matrix ΣRP =1

TX⊤X+ωX⊤ X,whereXistheT×Nmatrixofcurrency  
portfolio excess returns, and ω is the RP-weight. In Panel A: Eigenvalues, A.I Plain, we present  
the K largest eigenvalues (λK ) associated with matrices, ΣF

PCA =ψΣ
Fψ⊤ andΣ

RP =ψ(Σ
F +(1+ 

ω)µ⊤F µF )ψ⊤,whereψandΣ
F  aretheloadings(orbetas)andtheannualizedK-factorvariance  

matrix, respectively; we also report the K largest eigenvalues of the annualized ΣRP  matrix.  In  
 ∑N 
A.II Normalized, eigenvectors are normalized by a constant, σ2

ϵ  =1
N  n=1 σϵ,n,whereσ

ϵ,n 
isthe  
annualized variance of the n-th portfolio’s residual (i.e., the idiosyncratic variance), obtained by  
estimating Xnt = αn Ftψ⊤

n+ϵ
nt,wher Ft collects the six latent factors; the normalized eigenvalues  

are more directly related to the signal-to-noise ratio. In A.III Difference, we present the difference  
of consecutive normalized eigenvalues. In Panel B: Factors, B.I Statistics, we report orthogonalized  
factor Sharpe ratios (SR), the rank of the factor means (Rnk), and factor means (µF ) annualized.  
Factor means are starred with∗∗∗,∗∗,∗  denoting significance at the 1-, 5- and 10-percent levels,  
respectively, based on Newey-West standard errors with optimal lag-length selection. We carry out  
the analysis using RP-PCA with selected RP-weights. RP-PCA with ω = −1, and 0 corresponds  
to standard PCA applied to the covariance and correlation matrices, respectively.  With ω > 0,  
RP-PCA “overweights” the factor means. The test assets consist of the currency portfolios from  
the nine investment strategies (N = 46), for the period 11/1983-12/2017 at monthly frequency 
(T = 410). 
 

Panel A: Eigenvalues Panel B: Factors 
A.I Plain A.II Normalized A.III Difference B.I Statistics 

ω = −1 ΣF PCAΣF RP ΣRP ΣF PCAΣF RP ΣRP ΣF PCAΣF RP ΣRP SR Rnk µF 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω=5 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω = 10 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω = 20 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

3.23 
0.19 
0.08 
0.07 
0.06 
0.05 
ΣFPC
A 
3.23 
0.19 
0.08 
0.07 
0.05 
0.05 
ΣF 

PCA 
3.23 
0.19 
0.08 
0.07 
0.05 
0.05 
ΣFPC
A 
3.23 
0.19 
0.08 
0.07 
0.05 
0.05 

3.23  3.22 
0.19  0.18 
0.08  0.08 
0.07  0.07 
0.06  0.06 
0.05  0.05 
ΣFRP  ΣRP 
3.42  3.40 
0.21  0.21 
0.12  0.12 
0.07  0.07 
0.07  0.07 
0.05  0.05 
ΣF  ΣRP 

RP 
3.58  3.56 
0.24  0.24 
0.14  0.14 
0.07  0.07 
0.07  0.07 
0.05  0.05 
ΣFRP  ΣRP 
3.91  3.89 
0.33  0.33 
0.15  0.15 
0.07  0.07 
0.07  0.07 
0.05  0.05 

5.80 
0.33 
0.15 
0.12 
0.10 
0.09 
ΣFPC
A 
5.79 
0.33 
0.15 
0.12 
0.10 
0.09 
ΣF 

PCA 
5.78 
0.33 
0.15 
0.12 
0.09 
0.09 
ΣFPC
A 
5.77 
0.33 
0.15 
0.12 
0.09 
0.09 

5.80  5.78 
0.33  0.33 
0.15  0.15 
0.12  0.12 
0.10  0.10 
0.09  0.09 
ΣFRP  ΣRP 
6.11  6.09 
0.37  0.37 
0.22  0.22 
0.12  0.12 
0.12  0.12 
0.09  0.09 
ΣF  ΣRP 

RP 
6.39  6.36 
0.44  0.43 
0.25  0.25 
0.13  0.13 
0.12  0.12 
0.09  0.09 
ΣFRP  ΣRP 
6.97  6.95 
0.59  0.59 
0.28  0.28 
0.13  0.13 
0.12  0.12 
0.09  0.09 

5.47 
0.18 
0.03 
0.02 
0.01 
- 
ΣFPC
A 
5.46 
0.18 
0.03 
0.03 
0.00 
- 
ΣF 

PCA 
5.45 
0.18 
0.03 
0.03 
0.00 
- 
ΣFPC
A 
5.44 
0.18 
0.03 
0.03 
0.00 
- 

5.47  5.44  F1  0.10  1  0.17∗ 
0.18  0.18  F2  0.11  5  0.05∗∗ 
0.03  0.03  F3  0.21  3  0.06∗∗∗ 
0.02  0.02  F4  0.02  2  0.00 
0.01  0.01  F5  0.27  6  0.06∗∗∗ 
- - F6  0.03  4  0.01 
ΣFRP  ΣRP  SR  Rnk  µF 
5.74  5.72  F1  0.10  1  0.18∗ 
0.16  0.15  F2  0.19  3  0.08∗∗∗ 
0.09  0.09  F3  0.35  2  0.10∗∗∗ 
0.00  0.00  F4  0.18  4  0.04∗∗∗ 
0.03  0.03  F5  0.07  5  0.02 
- - F6  0.01  6  0.00 
ΣF  ΣRP  SR  Rnk  µF 

RP 
5.95  5.93  F1  0.10  1  0.18∗ 
0.18  0.18  F2  0.27  2  0.10∗∗∗ 
0.13  0.13  F3  0.34  3  0.10∗∗∗ 
0.01  0.01  F4  0.16  4  0.04∗∗∗ 
0.03  0.03  F5  0.03  5  0.01 
- - F6  0.01  6  0.00 
ΣFRP  ΣRP  SR  Rnk  µF 
6.38  6.36  F1  0.10  1  0.19∗∗ 
0.32  0.32  F2  0.35  2  0.11∗∗∗ 
0.15  0.15  F3  0.28  3  0.09∗∗∗ 
0.01  0.01  F4  0.14  4  0.04∗∗∗ 
0.03  0.03  F5  0.02  5  0.01 
- - F6  0.01  6  0.00 

 
 



50 
 

Electronic copy available at: https://ssrn.com/abstract=3796290 



ˆ 

ˆ 

 
 
 
 
 
Table 2: Latent Factor Pricing Diagnostics 

The table presents model diagnostics of the first two steps of the asset pricing procedure of Giglio  
and Xiu (2020) applied to currency portfolios excess returns, where the pricing factors are latent and  
are estimated using the RP-PCA method of Lettau and Pelger (2020a,b). We report diagnostics for  
RP-PCA implemented without “overweight” on the means (ω = −1), i.e., standard PCA, and with  
increasing values of the RP-weight (ω = 10, 20 and 50). We consider stochastic discount factors,  
ϕ(F1−k), including an increasing number of latent factors, k = 1, 2, . . . , 6. Tab A.I First pass, Panel 

∑N 
A: Two-pass Statistics, shows the average idiosyncratic variance, σ2ϵ =1 N n=1 [Var(ϵ

n)/Var(X
n)], 

√ 
and the average root-mean-square pricing errors, RM Sα  =  αα⊤/N, obtained by estimating 
Xnt = αn  Ftψ⊤

n +ϵ
nt,forn=1...,Ntestassets.TabA.IISecondpasspresentstheR-squared  

values (R2(%)), and the mean absolute errors (MAE) of the cross-sectional regression, Xn  =  
ψnγ⊤ + an, for n = 1,...,N, where γ is the 1 × K vector of latent factors’ prices of risk. Tab B.I  
Components, Panel B: Sharpe Ratios, presents the maximal Sharpe ratio (SR) from the tangency  
portfolio of the mean-variance frontier spanned by the linear combination of the K selected latent  
factors, F ×b⊤

MV , where bMV  is a 1 × K vector with entries bMV,k = µF,k/σF,k, with µF,i and  
σ2

F,k  denotingthek-thfactor’smeanandvariance.Theb
M V,k  entryrepresentsthek-thfactor’s  

weight in the SDF, ϕt = 1 − Ft − µF )b⊤MV.Thetestassetsconsistoftheportfoliosfromthenine  
investment strategies (N = 46), for the period 11/1983-12/2017 at monthly frequency (T = 410). 

 
Panel A: Two-pass Statistics Panel B: Sharpe Ratios 

A.I First pass A.II Second pass B.I Components 
ω = −1 σ2 RMSα R2(%) M AE SR ΔSR µF,i 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 
ω = 10 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 
ω = 20 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 
ω = 50 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 

ϵ 
23.73 
19.35 
17.37 
15.76 
14.40 
13.19 
σ2ϵ 
23.74 
19.78 
17.63 
16.08 
14.47 
13.27 
σ2ϵ 
23.76 
20.29 
17.68 
16.10 
14.49 
13.29 

σ2 
ϵ 

23.84 
20.70 
17.72 
16.11 
14.51 
13.30 

1.75  0.08  1.39  F1  0.10  0.10 
1.61  16.09  1.23  F2  0.14  0.05 
1.33  43.08  0.97  F3  0.26  0.11 
1.33  43.17  0.97  F4  0.26  0.00 
0.94  70.68  0.75  F5  0.37  0.11 
0.94  70.91  0.74  F6  0.37  0.00 
RMSα  R2(%)  M AE  SR  ΔSR 
1.75  28.87  1.26  F1  0.10  0.10 
1.55  78.42  0.59  F2  0.29  0.19 
0.90  97.30  0.22  F3  0.44  0.15 
0.73  98.52  0.17  F4  0.47  0.03 
0.72  98.57  0.16  F5  0.47  0.00 
0.72  98.57  0.16  F6  0.47  0.00 
RMSα  R2(%)  M AE  SR  ΔSR 
1.75  60.22  1.15  F1  0.10  0.10 
1.49  94.80  0.29  F2  0.36  0.26 
0.85  99.19  0.12  F3  0.46  0.10 
0.70  99.53  0.09  F4  0.48  0.02 
0.69  99.54  0.09  F5  0.48  0.00 
0.69  99.54  0.09  F6  0.48  0.00 
RMSα  R2(%)  M AE  SR  ΔSR 
1.78  90.97  0.88  F1  0.11  0.11 
1.39  99.29  0.11  F2  0.41  0.30 
0.81  99.86  0.05  F3  0.47  0.06 
0.68  99.91  0.04  F4  0.49  0.02 
0.68  99.91  0.04  F5  0.49  0.00 
0.67  99.92  0.04  F6  0.49  0.00 

bM V,i 
0.05 
0.25 
0.73 
0.06 
1.11 
0.12 
bM V,i 
0.06 
0.72 
1.14 
0.63 
0.13 
0.06 
bM V,i 
0.06 
1.05 
0.87 
0.56 
0.09 
0.05 
bM V,i 
0.06 
1.28 
0.68 
0.51 
0.08 
0.05 

17.22 
4.63 
6.12 
0.42 
6.40 
0.63 
µF,i 

17.97 
10.18 
9.84 
4.09 
0.90 
0.29 
µF,i 

18.52 
11.43 
9.29 
3.72 
0.63 
0.28 
µF,i 

19.56 
11.99 
8.39 
3.46 
0.51 
0.27 
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Table 3: Exposures of Candidate Factors to Latent Factors 

The table presents the non-tradable candidate factors’ exposures to the latent factors (ηFk ) and the 
explained variations (R2 ) obtained from the spanning regression of Eq. (14), for SDFs including 

F1−k 
an increasing number of factors, k = 1, . . . , K. We report the candidate factor exposures to the first  
six extracted, orthogonalized latent factors (i.e., K = 6).  The factors are extracted by applying  
RP-PCA with baseline weight (i.e., ω = 20) to the portfolios obtained from the nine investment  
strategies. Panels A, B, and C show the estimates for the financial, text-based, and macro factors,  
respectively. We present the estimates only for the candidate factors with significant risk premia 
(λg) according to the optimal SDF, ϕ(F1−3). When a factor is significant for multiple frequencies, we 
present the most representative. We report all candidate factors’ exposures in Table A8, in the 
Internet Appendix. ∗∗∗,∗∗,∗  denote significance, respectively, at the 1-, 5- and 10-percent levels, based 
on Newey-West standard errors. 

PANEL A: Financial Factors 
A.I: Risk Exposures  

ηF  ηF  ηF  ηF 
A.II: Explained Variation  

ηF  ηF  R2  R2  R2  R2  R2 

 R2 
1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 

otic 0.74∗∗ 5.69∗∗∗ -0.54 -1.84 2.26 7.15∗∗ 1.20 3.63 3.66 3.81 4.05 5.86 
noise -1.36∗ -11.27∗∗∗ 11.36∗∗ 7.94∗ -0.39 -0.55 4.97 10.85 17.32 20.04 20.05 20.06 
sliq -1.30∗∗ -10.42∗∗∗ 5.42 7.80∗ -0.70 -6.70∗ 5.83 11.34 13.40 16.28 16.29 17.68 
gfc 3.14∗∗∗ 11.67∗∗∗ -7.66∗∗∗ -3.54 8.69∗∗∗ 3.21 21.85 32.10 36.43 37.01 40.57 40.93 
gvol -1.08∗∗ -9.95∗∗∗ 3.15 7.89∗∗ -1.83 -8.49∗∗∗ 2.56 10.01 10.74 13.62 13.78 16.33 
psliq 0.03 8.04∗∗ -0.94 -1.05 2.34 -0.70 0.00 4.87 4.93 4.98 5.24 5.26 
ted -0.46 -6.90∗ -0.38 0.64 0.71 0.31 0.48 3.95 3.97 3.99 4.01 4.01 
lib ois -1.50∗ -14.20∗ 3.71 1.67 6.95 4.99 6.53 16.00 16.99 17.17 18.12 18.51 
move -0.98∗∗ -10.92∗∗∗ 7.79∗∗∗ -0.00 -0.22 -2.08 2.73 8.26 11.71 11.71 11.71 11.84 
vxo -1.61∗∗∗ -15.23∗∗∗ 10.35∗∗∗ 1.89 -6.90∗∗∗ -1.40 6.48 19.88 26.42 26.58 28.52 28.58 

PANEL B: Text-Based Factors 
B.I: Risk Exposures  

ηF  ηF  ηF  ηF 
B.II: Explained Variation  

ηF  ηF  R2  R2  R2  R2  R2 

 R2 
1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 

gepu 0.01 -10.95∗∗∗ 3.81 3.51 -3.46 -3.70 1.13 7.04 7.44 7.89 8.12 8.46 
gepu ppp 0.14 -11.80∗∗∗ 4.25 3.33 -3.59 -3.12 0.91 7.49 7.96 8.38 8.64 8.88 
emv ov -0.49 -9.17∗∗ 2.94 1.92 -1.46 0.24 0.47 6.69 7.34 7.51 7.60 7.60 
emv mout -0.38 -9.13∗∗ 2.26 2.77 -0.24 1.26 0.28 6.37 6.72 7.08 7.08 7.14 
emv mqnt -0.26 -7.88∗∗ 1.43 2.61 -1.05 1.05 0.14 4.75 4.91 5.22 5.27 5.31 
emv inf -0.28 -8.00∗∗ 2.94 0.10 -0.98 0.24 0.13 4.85 5.47 5.47 5.51 5.51 
emv com -0.55 -9.01∗∗ 3.69 1.27 -1.64 0.33 0.58 6.56 7.56 7.64 7.75 7.76 
emv ir -0.23 -8.05∗∗ 0.93 1.27 -1.51 1.54 0.11 4.98 5.05 5.13 5.23 5.32 
emv fc -0.73 -6.22∗ 2.62 2.80 3.02 -2.16 1.06 3.74 4.15 4.50 4.91 5.08 
emv fp -0.32 -7.37∗∗ 1.58 1.15 -1.53 0.27 0.20 4.27 4.47 4.53 4.64 4.64 
emv tx -0.34 -7.76∗∗ 2.15 2.09 -0.62 0.52 0.23 4.65 4.98 5.18 5.20 5.21 
emv mp -0.60 -8.71∗∗∗ 2.88 3.00 0.31 1.12 0.70 6.16 6.73 7.14 7.14 7.18 
emv reg -0.20 -8.56∗∗ 1.97 2.15 1.63 0.06 0.07 5.33 5.57 5.78 5.89 5.89 
emv freg -0.48 -7.57∗ 1.39 2.28 1.26 2.27 0.46 4.56 4.67 4.91 4.96 5.14 

PANEL C: Macro Factors 
C.I: Risk Exposures  

ηF  ηF  ηF  ηF 
C.II: Explained Variation  

ηF  ηF  R2  R2  R2  R2  R2 

 R2 
1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 

cus(y) -0.70 -2.27 -1.50 -0.84 -0.12 1.55 1.07 1.45 1.62 1.65 1.65 1.74 
ipw(q) 0.23 -2.69 -1.81 0.12 0.96 1.87 0.12 0.66 0.90 0.90 0.95 1.07 
ipw/us(q) -0.15 -3.75∗∗ -1.37 1.09 -0.86 2.01 0.05 1.11 1.25 1.30 1.34 1.48 
cpiw(q) 0.10 -1.36 -4.11∗∗∗ 0.35 -0.16 -2.65 0.02 0.16 1.41 1.41 1.41 1.66 
cpiw/us(ey) -0.35 -1.87 -2.63 -2.05 2.04 -2.51 0.28 0.54 1.05 1.24 1.44 1.66 
unew/us(y) -0.25 -2.01 -3.59∗∗ -2.78 -0.53 1.12 0.14 0.44 1.40 1.76 1.77 1.82 
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Table 4: Risk Premia of Candidate Factors 

The table presents the risk-premium estimates for each candidate non-tradable risk factor (gt).  
Panel FMB presents the risk-premium point estimates (λg ) and Shanken standard errors (se) from  
the standard two-pass procedure, including the constant and the candidate factor. The remaining  
panels report the estimates from the (augmented) three-pass procedure of GX for SDFs of different  
dimensions.  That is, ϕ(F1−k) denotes the SDF including up to the k-th latent factor, whereby  
the factors are extracted from the panel of currency portfolio returns using the RP-PCA method  
with baseline RP-weight (i.e., ω = 20). The risk-premium estimates (λg ) are reported along with  
the Newey-West standard errors (se), computed following Giglio and Xiu (2020);∗∗∗,∗∗,∗  denote  
significance, respectively, at the 1-, 5- and 10-percent levels.  As for the three-pass method, for  
each factor and a given SDF, we also report the spanning R2s (R2) resulting from projecting the  
factor onto the k latent factors entering the SDF; the Sharpe ratios (SR) associated with the  
projected factor, i.e., the return-based counterpart to the original non-tradable factor; and, the  
p-value (pval) of the test of GX that factor gt is weak. In Panels A, B and C, we present financial  
(FIN), text-based (TXT), and macro (MAC) candidate g factors that have significant risk-premium  
estimates according to at least one of the SDF reported.  When a macro factor is significant for  
multiple frequencies, we present the most representative.  Factors are expressed as innovations,  
using the residuals from AR(1) processes, and are then standardized. The test assets consist of the  
portfolios from the nine investment strategies (N = 46). The sample period varies with the factor  
at hand, according to data availability over the 11/1983-12/2017 period. See non-tradable factor  
descriptions in Tables A5-A7, in the Internet Appendix. 

 
PANEL A: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
FIN λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
otic 7.11∗∗ (2.74) 0.79∗∗∗ (0.28) 3.63 0.34 0.00 0.74∗∗ (0.33) 3.66 0.32 0.00 0.67∗∗ (0.33) 3.81 0.28 0.01 
icap 3.12∗∗ (1.54) 1.21∗∗∗ (0.34) 7.87 0.36 0.00 0.61 (0.39) 10.93 0.15 0.00 0.73∗ (0.43) 11.41 0.18 0.00 
noise -3.87∗∗∗ (1.37) -1.42∗∗∗ (0.44) 11.16 0.32 0.00 -0.82∗∗ (0.35) 16.33 0.09 0.01 -0.47 (0.45) 19.77 0.03 0.01 
sliq -3.22∗∗ (1.44) -1.33∗∗∗ (0.38) 10.15 0.31 0.00 -0.89∗∗ (0.40) 13.12 0.15 0.01 -0.45 (0.53) 17.95 0.06 0.00 
gfc 2.32∗∗ (1.14) 1.92∗∗∗ (0.47) 32.10 0.28 0.00 1.20∗∗ (0.53) 36.43 0.17 0.00 1.07∗ (0.57) 37.01 0.15 0.00 
gliq -3.77 (3.40) -0.44∗∗ (0.19) 1.14 0.35 0.03 -0.11 (0.23) 2.09 0.06 0.01 -0.11 (0.24) 2.09 0.06 0.01 
gvol -4.04∗∗ (1.59) -1.34∗∗∗ (0.32) 10.01 0.35 0.00 -1.04∗∗∗ (0.31) 10.74 0.26 0.00 -0.75∗∗ (0.37) 13.62 0.17 0.00 
psliq 7.36∗∗∗ (2.54) 0.92∗∗ (0.37) 4.87 0.35 0.04 0.84∗ (0.44) 4.93 0.31 0.06 0.80∗ (0.45) 4.98 0.30 0.11 
corp -2.00 (1.65) -0.87∗∗ (0.41) 7.77 0.24 0.13 -0.09 (0.32) 14.54 0.02 0.11 -0.00 (0.37) 14.83 0.04 0.07 
ted -12.09∗∗∗ (3.54) -0.91∗∗ (0.43) 4.00 0.36 0.14 -0.99∗∗ (0.43) 4.07 0.39 0.21 -0.97∗∗ (0.41) 4.08 0.38 0.31 
lib ois -4.66∗∗ (2.05) -1.92∗ (1.03) 14.04 0.34 0.08 -1.38∗ (0.71) 15.71 0.21 0.11 -1.30∗ (0.71) 15.95 0.19 0.14 
move -5.17∗∗ (1.95) -1.37∗∗∗ (0.47) 7.70 0.35 0.02 -0.82∗∗ (0.39) 11.81 0.13 0.00 -0.77∗∗ (0.37) 11.89 0.11 0.00 
vxo -4.31∗∗∗ (1.28) -2.07∗∗∗ (0.61) 20.20 0.34 0.00 -1.36∗∗ (0.66) 27.01 0.14 0.00 -1.21∗ (0.66) 27.67 0.12 0.00 
PANEL B: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
TXT λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
gepu -4.93∗∗ (1.96) -1.52∗∗∗ (0.44) 7.51 0.36 0.00 -1.36∗∗∗ (0.48) 7.68 0.31 0.00 -1.08∗∗ (0.53) 8.53 0.26 0.00 
gepu ppp -5.08∗∗ (1.97) -1.57∗∗∗ (0.45) 7.91 0.36 0.00 -1.41∗∗∗ (0.49) 8.08 0.31 0.00 -1.13∗∗ (0.54) 8.95 0.26 0.00 
epu all -4.90∗∗ (2.36) -0.67∗ (0.36) 2.81 0.34 0.10 -0.32 (0.41) 3.89 0.12 0.05 -0.17 (0.40) 4.86 0.05 0.01 
epu mp -7.41∗∗∗ (2.67) -0.71∗∗ (0.34) 3.87 0.31 0.06 -0.59 (0.41) 4.00 0.25 0.07 -0.47 (0.40) 4.65 0.17 0.04 
fsi tx -3.98∗ (2.32) -0.71∗ (0.38) 2.68 0.36 0.17 -0.27 (0.31) 4.42 0.11 0.08 -0.17 (0.30) 4.82 0.06 0.12 
emv ov -6.81∗∗∗ (2.39) -1.17∗∗ (0.47) 6.87 0.36 0.05 -0.92∗ (0.46) 7.44 0.26 0.09 -0.85∗ (0.45) 7.66 0.23 0.14 
emv mout -7.28∗∗∗ (2.45) -1.13∗∗ (0.46) 6.53 0.36 0.05 -0.96∗∗ (0.43) 6.80 0.29 0.11 -0.86∗∗ (0.42) 7.19 0.25 0.18 
emv mqnt -7.82∗∗∗ (2.68) -0.97∗∗ (0.41) 4.83 0.36 0.06 -0.84∗∗ (0.39) 4.97 0.30 0.13 -0.75∗ (0.39) 5.32 0.26 0.21 
emv inf -7.59∗∗∗ (2.79) -0.98∗∗∗ (0.36) 5.00 0.36 0.02 -0.74∗ (0.40) 5.53 0.25 0.02 -0.73∗ (0.40) 5.53 0.24 0.04 
emv com -6.34∗∗∗ (2.30) -1.17∗∗ (0.46) 6.79 0.36 0.04 -0.85∗ (0.48) 7.69 0.24 0.05 -0.80∗ (0.47) 7.78 0.22 0.06 
emv ir -9.18∗∗∗ (3.01) -0.98∗∗ (0.45) 5.05 0.36 0.06 -0.91∗ (0.52) 5.09 0.33 0.10 -0.86 (0.52) 5.23 0.30 0.16 
emv fc -7.18∗∗ (2.77) -0.86 (0.55) 3.81 0.35 0.18 -0.67∗ (0.35) 4.12 0.25 0.29 -0.60∗ (0.30) 4.35 0.21 0.43 
emv fx -4.90∗∗ (2.23) -0.72∗∗ (0.30) 2.80 0.35 0.04 -0.43 (0.30) 3.55 0.17 0.02 -0.54∗ (0.32) 4.03 0.21 0.02 
emv fp -8.40∗∗∗ (3.03) -0.93∗∗ (0.41) 4.37 0.36 0.09 -0.79∗ (0.41) 4.54 0.29 0.17 -0.74∗ (0.41) 4.64 0.27 0.26 
emv tx -7.42∗∗∗ (2.73) -0.97∗∗ (0.44) 4.79 0.36 0.10 -0.80∗ (0.44) 5.06 0.28 0.18 -0.73 (0.44) 5.28 0.25 0.29 
emv gov -15.56∗∗ (5.98) -0.49∗ (0.29) 1.50 0.34 0.23 -0.54 (0.33) 1.52 0.37 0.40 -0.57 (0.34) 1.57 0.39 0.44 
emv mp -7.06∗∗∗ (2.47) -1.13∗∗∗ (0.38) 6.37 0.36 0.01 -0.92∗∗ (0.35) 6.79 0.27 0.03 -0.82∗∗ (0.35) 7.19 0.23 0.06 
emv reg -8.14∗∗∗ (2.82) -1.02∗ (0.52) 5.48 0.36 0.11 -0.89∗ (0.48) 5.61 0.31 0.21 -0.83∗ (0.46) 5.81 0.27 0.32 
emv freg -9.09∗∗∗ (3.09) -0.97∗ (0.52) 4.67 0.36 0.20 -0.89∗ (0.48) 4.73 0.32 0.35 -0.81∗ (0.46) 4.98 0.28 0.46 
emv tp -5.92∗ (3.11) -0.70∗∗ (0.31) 2.44 0.36 0.07 -0.38 (0.37) 3.34 0.15 0.02 -0.41 (0.39) 3.37 0.16 0.05 
PANEL C: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
MAC λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
cus(y) -13.02∗∗∗ (3.94) -0.39 (0.26) 1.45 0.27 0.12 -0.53∗ (0.29) 1.62 0.34 0.15 -0.56∗ (0.28) 1.65 0.36 0.26 
ipw(q) -6.35∗∗∗ (2.05) -0.26 (0.22) 0.66 0.27 0.31 -0.43∗ (0.24) 0.90 0.38 0.23 -0.43 (0.26) 0.90 0.37 0.36 
ipw/us(q) -7.33∗∗∗ (2.27) -0.46∗∗ (0.21) 1.11 0.36 0.09 -0.58∗∗ (0.27) 1.25 0.44 0.14 -0.54∗ (0.29) 1.30 0.40 0.20 
cpiw(q) -9.27∗∗∗ (3.14) -0.14 (0.22) 0.16 0.28 0.69 -0.52∗ (0.29) 1.41 0.36 0.03 -0.51∗ (0.29) 1.41 0.35 0.07 
cpiw/us(ey) -10.78∗∗∗ (3.01) -0.28 (0.23) 0.54 0.32 0.43 -0.52∗ (0.29) 1.05 0.43 0.22 -0.60∗ (0.30) 1.24 0.45 0.22 
unew/us(y) -15.46∗∗∗ (5.02) -0.28 (0.21) 0.44 0.35 0.38 -0.61∗∗ (0.24) 1.40 0.43 0.07 -0.71∗∗∗ (0.26) 1.76 0.45 0.06 
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Table 5: Risk Premia of Candidate Factors: RP-weight Robustness 

The table presents the risk-premium estimates for each candidate non-tradable risk factor (gt).  
Panel FMB presents the risk-premium point estimates (λg ) and Shanken standard errors (se) from  
the standard two-pass procedure, including the constant and the candidate factor. The remaining  
panels report the estimates from the (augmented) three-pass procedure of GX with three-factor  
SDF, ϕ(F1−3), for ω = −1 (no overweight), ω = 20 (baseline RP-weight), and ω = 50 (high  
RP-weight) in the left, mid, and right panels, respectively.  The risk-premium estimates (λg )  
are reported along with the Newey-West standard errors (se), computed following Giglio and Xiu  
(2020);∗∗∗,∗∗,∗ denote significance, respectively, at the 1-, 5- and 10-percent levels. As for the three- 
pass method, for each factor and a given SDF, we also report the spanning R2s (R2) resulting from  
projecting the factor onto the k latent factors entering the SDF; the Sharpe ratios (SR) associated  
with the projected factor, i.e., the return-based counterpart to the original non-tradable factor;  
and, the p-value (pval) of the test of GX that factor gt is weak. In Panels A, B and C, we present  
financial (FIN), text-based (TXT), and macro (MAC) candidate g factors that have significant  
risk-premium estimates according to at least one of the RP-weight reported. When a macro factor  
is significant for multiple frequencies, we present the most representative.  Factors are expressed  
as innovations, using the residuals from AR(1) processes, and are then standardized.  The test  
assets consist of the portfolios from the nine investment strategies (N = 46). The sample period  
varies with the factor at hand, according to data availability over the 11/1983-12/2017 period. See  
non-tradable factor descriptions in Tables A5-A7, in the Internet Appendix. 

 
PANEL A: FMB ω = −1 ω = 20 ω = 50 
FIN λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
otic 7.11∗∗ (2.74) 0.50∗∗ (0.25) 3.64 0.22 0.00 0.74∗∗ (0.33) 3.66 0.32 0.00 0.74∗∗ (0.33) 3.64 0.32 0.00 
noise -3.87∗∗∗ (1.37) -1.13∗∗ (0.42) 16.67 0.15 0.01 -0.82∗∗ (0.35) 16.33 0.09 0.01 -0.78∗∗ (0.36) 16.46 0.09 0.01 
sliq -3.22∗∗ (1.44) -1.02∗∗ (0.40) 15.99 0.20 0.00 -0.89∗∗ (0.40) 13.12 0.15 0.01 -0.83∗∗ (0.41) 13.13 0.14 0.01 
gfc 2.32∗∗ (1.14) 1.14∗∗ (0.55) 36.65 0.16 0.00 1.20∗∗ (0.53) 36.43 0.17 0.00 1.20∗∗ (0.53) 36.42 0.17 0.00 
gvol -4.04∗∗ (1.59) -0.96∗∗∗ (0.32) 13.03 0.22 0.00 -1.04∗∗∗ (0.31) 10.74 0.26 0.00 -1.02∗∗∗ (0.31) 10.62 0.26 0.00 
psliq 7.36∗∗∗ (2.54) 0.49∗ (0.25) 4.70 0.19 0.06 0.84∗ (0.44) 4.93 0.31 0.06 0.85∗ (0.45) 4.90 0.32 0.06 
ted -12.09∗∗∗ (3.54) -0.66∗ (0.34) 3.80 0.23 0.30 -0.99∗∗ (0.43) 4.07 0.39 0.21 -1.00∗∗ (0.44) 4.03 0.41 0.21 
lib ois -4.66∗∗ (2.05) -1.08∗ (0.54) 16.02 0.16 0.08 -1.38∗ (0.71) 15.71 0.21 0.11 -1.36∗ (0.71) 15.71 0.22 0.11 
move -5.17∗∗ (1.95) -0.71∗∗ (0.35) 11.79 0.14 0.00 -0.82∗∗ (0.39) 11.81 0.13 0.00 -0.82∗∗ (0.39) 11.83 0.14 0.00 
vxo -4.31∗∗∗ (1.28) -1.34∗∗ (0.52) 27.11 0.13 0.00 -1.36∗∗ (0.66) 27.01 0.14 0.00 -1.35∗∗ (0.67) 27.03 0.15 0.00 
PANEL B: FMB ω = −1 ω = 20 ω = 50 
TXT λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
gepu -4.93∗∗ (1.96) -0.82∗∗ (0.34) 8.64 0.19 0.00 -1.36∗∗∗ (0.48) 7.68 0.31 0.00 -1.33∗∗ (0.50) 7.58 0.32 0.00 
gepu ppp -5.08∗∗ (1.97) -0.83∗∗ (0.35) 8.99 0.19 0.00 -1.41∗∗∗ (0.49) 8.08 0.31 0.00 -1.39∗∗∗ (0.51) 7.98 0.33 0.00 
epu all -4.90∗∗ (2.36) -0.43∗ (0.25) 4.35 0.15 0.04 -0.32 (0.41) 3.89 0.12 0.05 -0.31 (0.42) 3.90 0.12 0.05 
epu mp -7.41∗∗∗ (2.67) -0.45∗ (0.25) 4.55 0.16 0.05 -0.59 (0.41) 4.00 0.25 0.07 -0.59 (0.42) 3.97 0.25 0.07 
epu tr -10.22∗∗∗ (3.37) -0.40∗ (0.20) 1.51 0.25 0.17 -0.62 (0.38) 1.36 0.42 0.36 -0.61 (0.39) 1.31 0.42 0.38 
emv ov -6.81∗∗∗ (2.39) -0.71∗∗ (0.34) 7.67 0.18 0.08 -0.92∗ (0.46) 7.44 0.26 0.09 -0.92∗ (0.47) 7.41 0.27 0.09 
emv mout -7.28∗∗∗ (2.45) -0.73∗∗ (0.34) 7.33 0.20 0.09 -0.96∗∗ (0.43) 6.80 0.29 0.11 -0.95∗∗ (0.44) 6.73 0.30 0.11 
emv mqnt -7.82∗∗∗ (2.68) -0.64∗∗ (0.31) 5.51 0.20 0.11 -0.84∗∗ (0.39) 4.97 0.30 0.13 -0.84∗∗ (0.40) 4.90 0.31 0.13 
emv inf -7.59∗∗∗ (2.79) -0.52∗ (0.27) 5.40 0.16 0.02 -0.74∗ (0.40) 5.53 0.25 0.02 -0.74∗ (0.41) 5.52 0.25 0.02 
emv com -6.34∗∗∗ (2.30) -0.67∗∗ (0.33) 7.81 0.17 0.04 -0.85∗ (0.48) 7.69 0.24 0.05 -0.85∗ (0.48) 7.66 0.24 0.05 
emv ir -9.18∗∗∗ (3.01) -0.60∗ (0.30) 5.05 0.20 0.09 -0.91∗ (0.52) 5.09 0.33 0.10 -0.92∗ (0.53) 5.06 0.34 0.10 
emv fc -7.18∗∗ (2.77) -0.61 (0.42) 4.54 0.20 0.39 -0.67∗ (0.35) 4.12 0.25 0.29 -0.67∗ (0.34) 4.09 0.25 0.29 
emv fp -8.40∗∗∗ (3.03) -0.57∗ (0.30) 4.67 0.19 0.17 -0.79∗ (0.41) 4.54 0.29 0.17 -0.79∗ (0.42) 4.50 0.30 0.17 
emv tx -7.42∗∗∗ (2.73) -0.62∗ (0.32) 5.47 0.19 0.16 -0.80∗ (0.44) 5.06 0.28 0.18 -0.79∗ (0.45) 5.00 0.28 0.19 
emv mp -7.06∗∗∗ (2.47) -0.74∗∗ (0.30) 7.24 0.20 0.03 -0.92∗∗ (0.35) 6.79 0.27 0.03 -0.91∗∗ (0.36) 6.75 0.28 0.04 
emv reg -8.14∗∗∗ (2.82) -0.64∗ (0.34) 5.89 0.19 0.18 -0.89∗ (0.48) 5.61 0.31 0.21 -0.89∗ (0.48) 5.56 0.31 0.21 
emv freg -9.09∗∗∗ (3.09) -0.65∗ (0.34) 5.00 0.21 0.29 -0.89∗ (0.48) 4.73 0.32 0.35 -0.89∗ (0.49) 4.69 0.33 0.36 
PANEL C: FMB ω = −1 ω = 20 ω = 50 
MAC λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
cus(y) -13.02∗∗∗ (3.94) -0.26 (0.21) 1.31 0.19 0.22 -0.53∗ (0.29) 1.62 0.34 0.15 -0.54∗ (0.29) 1.63 0.35 0.15 
ipw(q) -6.35∗∗∗ (2.05) -0.16 (0.18) 0.61 0.17 0.47 -0.43∗ (0.24) 0.90 0.38 0.23 -0.45∗ (0.25) 0.92 0.39 0.22 
ipw/us(q) -7.33∗∗∗ (2.27) -0.31∗ (0.17) 1.08 0.25 0.19 -0.58∗∗ (0.27) 1.25 0.44 0.14 -0.60∗∗ (0.27) 1.25 0.45 0.14 
cpiw(q) -9.27∗∗∗ (3.14) -0.17 (0.18) 0.95 0.14 0.18 -0.52∗ (0.29) 1.41 0.36 0.03 -0.53∗ (0.29) 1.40 0.38 0.03 
cpiw/us(ey) -10.78∗∗∗ (3.01) -0.16 (0.18) 0.43 0.21 0.76 -0.52∗ (0.29) 1.05 0.43 0.22 -0.54∗ (0.29) 1.07 0.44 0.21 
unew/us(y) -15.46∗∗∗ (5.02) -0.14 (0.15) 0.37 0.20 0.65 -0.61∗∗ (0.24) 1.40 0.43 0.07 -0.64∗∗ (0.25) 1.46 0.44 0.06 
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Figure 1: Currency Investment Strategies 
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Panel B: HML Portfolios 
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In Panel A, Risk-Return Trade-Off, the figure shows plain portfolios’ average excess returns (X(%),  
in percent annualized) and standard deviations (σX (%), in percent annualized), proxying for risk.  
In Panel B, HML Portfolios, the figure plots the cumulative monthly returns of HML portfolios  
in percent. We consider nine investment strategies: carry (Carry), short-term momentum (Mom 
(ST)), long-term momentum (Mom (LT)), value (Value), net foreign assets (NFA), liabilities in 
domestic currency (LDC), term spreads (Term), long-term bond yields (LYld), and output gap 
(GAP). See Internet Appendix I for a detailed description of the strategies. The sample spans the 
11/1983-12/2017 period at monthly frequency. 
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Figure 2: Largest Normalized Eigenvalues 
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The figure shows the largest normalized eigenvalues of the matrix ΣRP  =1

TX⊤X  + ωX⊤X, for  
different values of the RP-weight (ω).  The T × N matrix X collects currency portfolio excess  
returns from the nine investment strategies.  The eigenvalues are normalized by the average id- 
iosyncratic variance, and hence are informative about factors’ “signal strengths”.  Specifically, 

∑N 
ϵ σ2 =1 N  n=1 σϵ,n,whereσ

ϵ,n  arethevariancesoftheresidualsobtainedbyestimatingNtime- 
series regressions, Xnt = αn Ftψ⊤ n +ϵ

nt,n=1...,Ntestassets,t=1...,Tmonths,wher Ft stacks the 
latent factors associated with the largest six eigenvalues of matrix ΣRP , and thus vary with the 
RP-weight. Panel A, Levels, reports the normalized eigenvalues,λk(ω) = λk(ω)/σ(ω)2 

e.Panel B, 
Differences, presents the difference of consecutive normalized eigenvalues,λk(ω) −λ(ω)k+1, for k = 
2,...,5. Panel C, Ratios, shows the eigenvalues scaled by the corresponding PCA (ω = −1) 
eigenvalues,λ(ω)k/λ(ω = −1)k. In the legend, we present the number of optimal factors suggested 
by the Onatsky (2010), O(#), and Giglio and Xiu (2018), GX(#), tests for the selected RP-weight. 
The GX test is implemented with medium overfitting penalty value 0.5. 
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Figure 3: HML Portfolios Risk Exposures to Latent Factors 
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The figure shows HML portfolios’ loadings on the six estimated latent factors (Risk Exposures;  
left chart) and the associated R2s obtained by regressing the HML portfolio returns on the latent  
factors (Explained Variation; right chart).  Latent factors and portfolios’ loadings on the factors  
are estimated jointly from the panel of currency portfolios excess returns by means of the RP-PCA  
with baseline penalty value, i.e., ω = 20. Note that, for ω>0, the RP-PCA loadings differ from the  
betas (ψn) obtained by regressing portfolios excess returns (Xnt) on the estimated K = 6 latent  
factors Ft), Xnt = αn Ftψ⊤

n +ϵ
nt,n=1,...,N.Infact,theRP-PCAloadingsaretheregression  

coefficients using transformed data, that is, by incorporating the cross-sectional error (Lettau and  
Pelger, 2020a,b). Specifically, define ωnt = √ω + 1 − 1,Xnt = Xnt + ωXnt an Fkt Fkt + Fkt. 
Then, for any value of ω, RP-PCA loadings are given by the coefficients  ψn) from the time-series 
regressions,  Xnt  =  Ftψ⊤n +ϵ

nt,n=1,...,N.Thetestassets’sampleconsistsoftheportfolios  
associated with the nine investment strategies (N = 46), thus HML portfolios are excluded from  
the estimation of latent factors. Hence, we infer HML portfolios’ loadings ex-post from the corner  
portfolios’ loadings, as the difference between P5/6 (high) and P1 (low) loadings.  For a given  
HML portfolio, we decompose the overall R2s into each factor’s contribution (the numbers above  
the bars refer t F1t’s contributions). We present the N ×K individual portfolios’ loadings and R2s  
in Figures A1 and A2, in the Internet Appendix. The sample spans the 11/1983-12/2017 period  
at monthly frequency. 
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Figure 4: Observed vs Model-Implied Portfolio Excess Returns 
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The figure shows the observed average excess returns (Observed Xi) and the estimated expected  
excess returns (Model Xi) of the 46 currency portfolios (test assets) associated with the nine  
currency investment strategies. For a given portfolio n, the model-implied expected excess returns  
are the fitted values from the second pass of the GX method. That is, the fitted return is given by  
ψnkγ⊤k wher ψnk is the 1×k vector of the n-th portfolio’s risk exposures and γk is the 1×k vector  
of the prices of risk of the latent factors. Left panels show the evidence for the factors extracted  
using PCA (i.e., RP-PCA with ω = −1), while right panels using RP-PCA with ω = 20 (i.e., the  
selected RP-weight). Top panels present the estimates for k = 2, while bottom panels for k = 3.  
Recall that ϕ(F (1 − 2)) is the optimal SDF for ω = −1, whereas ϕ(F (1 − 3)) for ω = 20. Excess  
returns are expressed in percent per annum (p.a). The sample period runs from November 1983  
to December 2017. 
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Figure 5: Candidate Factor Explained Variations by Latent Pricing Factors 
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The figure shows non-tradable candidate factors’ explained variation by latent factors, which are  
extracted by means of RP-PCA with baseline RP-weight (i.e., ω = 20) applied to the panel of  
currency portfolios associated with the nine investment strategies (N = 46). We limit the evidence  
to the pricing latent factors, i.e., the first three extracted factors, given that the optimal SDF  
is ϕ(F1−k) with k = 3.  Panels A, B, and C present financial, text-based and macro candidate  
factors, respectively.  In each panel, candidate factors are sorted by the R2s associated with the  
k-factor SDF (we only display the 30 macro factors with the highest R2s). Bars quantify the latent  
factor contribution to the overall R2. Green (red) bar edges denote (not) significant risk premia,  
at the 10 percent level, according to the selected SDF; we consider SDFs of expanding dimension,  
thus k ranges from 1 to 3.  Factors are expressed as innovations, using the residuals from AR(1)  
processes, and are then standardized. The sample period varies with the factor at hand, according  
to data availability over the 11/1983-12/2017 period. See factor descriptions in Tables A5-A7, in  
the Internet Appendix. 
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Figure 6: Return-Based Candidate Factors 
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The figure shows selected return-based candidate factors. Factor A is the global economic policy 
uncertainty index (gepu), Factor B is the global FX volatility factor (gvol), Factor C is the financial 
intermediaries’ capital ratio (icap), and Factor D is the global FX liquidity factor (gliq). See factor 
descriptions in Tables A5-A7, in the Internet Appendix.  For each candidate factor, we present 
three versions of return-based factors, by expanding the dimension of the SDF, i.e., ϕ(F (1 − k)) 
with k = 1, . . . , 3. Specifically, for ϕ(F (1 − k)), the return-based factor is given by F1:ktη⊤, where the 
exposures are obtained from estimating the spanning regressions of Eq. (14).  The latent factors 
are extracted using RP-PCA with ω = 20.  The sample period varies with the factor at hand, 
according to data availability over the 11/1983-12/2017 period. 
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I  FX Data and Investment Strategies 
 
FX Data. Table A1 reports the Datastream mnemonics for spot and forward exchange rates 
for the 49 currencies used in this paper. 

49 FCU/USD Currencies (1983-2017). Australia, Austria, Belgium, Brazil, Bulgaria, Canada, 
Croatia, Cyprus, Czech Republic, Denmark, Egypt, euro area, Finland, France, Germany, 
Greece, Hong Kong, Hungary, Iceland, India, Indonesia, Ireland, Israel, Italy, Japan, Kuwait, 
Malaysia, Mexico, Netherlands, New Zealand, Norway, Philippines, Poland, Portugal, Rus- 
sia, Saudi Arabia, Singapore, Slovakia, Slovenia, South Africa, South Korea, Spain, Sweden, 
Switzerland, Taiwan, Thailand, Ukraine, the United Kingdom and Turkey. 

15 FCU/GBP Currencies (1978-1983). Austria, Belgium, Canada, Denmark, France, Ger- 
many, Ireland, Italy, Japan, Netherlands, Norway, Portugal, Spain, Sweden and Switzerland. 

CIP Deviations. We follow Kroencke et al. (2014) and Della Corte et al. (2016b), among  
others, and leave out the indicated countries for the following periods: Egypt (01/01/2011 - 
30/08/2013; 03/10/2016 - 28/02/2017); Indonesia (01/12/1997 - 31/07/1998; 01/02/2001 
- 31/05/2005); Malaysia (01/05/1998 - 30/06/2005); Russia (01/12/2008 - 30/01/2009; 
03/11/2014 - 27/02/2015); South Africa (01/08/1985 - 30/08/1985; 01/01/2002 - 31/05/2005); 
Turkey (01/11/2000 - 30/11/2001); and, Ukraine (03/11/2014 - 31/12/2017). 

FX Investment Strategies.  Next, we describe the currency investment strategies that 
deliver the portfolios (i.e., test assets) under investigation in our empirical analysis. Table A2 
provides information on strategy names, signals, and data sources.  Table A3 presents the 
summary statistics for each currency investment strategy. 
1.   Carry. At the end of each month t, currencies are allocated to five portfolios accord- 
ing to their forward discounts (Sit − Fit)/Sit, where Sit  and Fit  are the spot and forward  
exchange rate mid-quotes for foreign currency i, respectively (Lustig et al., 2011; Menkhoff  
et al., 2012a).  While portfolio 1 (P1) collects the currencies with the lowest forward dis- 
counts, portfolio 5 (P5) collects currencies with the highest forward discounts.  Therefore,  
P1 (P5) contains the currencies with the lowest (highest) interest rate differential relative  
to the United States, assuming that CIP holds. Portfolios are rebalanced monthly and the  
sample runs from November 1983 to December 2017.  Data are from from Barclays Bank  
International (BBI), Reuters and WM/Reuters accessed via Datastream. 

2.   Short-Term Momentum. At the end of each month t, we form portfolios based on excess  
returns realized over the previous m months, i.e., the formation period (e.g., Asness et al.,  
2013; Menkhoff et al., 2012b). In Short-Term Momentum, for each foreign currency i, the  
sorting variable (signal) is the previous month (m = 1) currency excess return X. While P1  
contains the currencies with the lowest short-term excess returns, that is the loser currencies  
over the short period, P5 contains the currencies with the highest short-term excess returns,  
that is the winner currencies over the short period. Portfolios are rebalanced monthly and  
the sample runs from November 1983 to December 2017. Data are from from Barclays Bank  
International (BBI), Reuters and WM/Reuters accessed via Datastream. 

3.   Long-Term Momentum. The Long-Term Momentum strategy is based on a longer forma- 
tion period than Short-Term Momentum (e.g., Asness et al., 2013; Menkhoff et al., 2012b).  
In particular, the signal is the cumulative excess return over the past 12 months (m = 12).  
Hence, P1 contains the currencies with the lowest long-term excess returns, that is the  
loser currencies over the long period, whereas P5 contains the currencies with the highest 
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long-term excess returns, that is the winner currencies over the long period. Portfolios are  
rebalanced monthly and the sample runs from November 1983 to December 2017.  Data  
are from from Barclays Bank International (BBI), Reuters and WM/Reuters accessed via  
Datastream. 

4.   Currency Value.  At the end of each month t, currencies are allocated to portfolios  
based on the lagged five-year real exchange rate return (e.g., Asness et al., 2013; Kroencke  
et al., 2014; Menkhoff et al., 2017), thus exploiting deviations from the relative purchasing  
power parity (PPP). P1 contains over-valued currencies, i.e., those with the highest lagged  
real exchange rate return, and P5 contains under-valued currencies, i.e., those with the  
lowest lagged real exchange rate return. In line with the literature, and differently from the  
other strategies, value portfolios are rebalanced every three months. The sample runs from  
November 1983 to December 2017. Real exchange rates are calculated by using Consumer  
Price Index data from IMF International Financial Statistics (the source of Taiwan’s CPI  
data is the National Statistics). 

5.   Net Foreign Assets. Following Della Corte et al. (2016b), at the end of each month t,  
currencies are allocated into portfolios according to the ratio between the foreign country’s  
net foreign assets (NFA) and the country’s gross domestic product (GDP), both denominated  
in U.S. dollar, multiplied by (-1).  Hence, P1 includes creditor currencies, i.e., those with  
the highest NFA to GDP ratios, whereas P5 includes debtor currencies, i.e., those with the  
lowest NFA to GDP ratios.  Portfolios are rebalanced monthly and the sample runs from  
November 1983 to December 2017.  We thank Gian Maria Milesi-Ferretti to kindly share  
with us the updated version of the data on foreign assets and liabilities and GDP used in  
Lane and Milesi-Ferretti (2004), and Lane and Milesi-Ferretti (2007). 

6.   Liabilities in Domestic Currencies. Following Della Corte et al. (2016b), we sort  
currencies into portfolios according to the proportion of liabilities denominated in domestic  
currency (LDC). At the beginning of each month t, we first allocate currencies to two  
portfolios according to the foreign country’s lagged NFA to GDP ratio.  Then, we further  
split each of these two portfolios into three sub-portfolios according to the country’s liabilities  
denominated in domestic currency (LDC). The 2 × 3 double-sorted portfolios are denoted  
by LL, LM, LH, HL, HM, and HH, where the first letter denotes the relative level of the  
NFA ratio, and the second letter that of LDC. As a result, we obtain 6 double-sorted  
LDC portfolios. P1 (LL) contains the safest currencies, i.e., those with high NFA positions  
coupled with a large share of their liabilities denominated in domestic currency, and P6 
(HH) contains the riskiest currencies, i.e., those with low NFA positions coupled with a low 
share of their liabilities denominated in domestic currency.  Portfolios are rebalanced 
monthly and the sample runs from November 1983 to December 2017. Data on LDC, also 
used in Benetrix et al. (2015), are available on Philip Lane’s website. 

7.   Long-Term Yields.  At the end of each month t, we sort currencies into portfolios  
according to the foreign country’s 10-year interest rate differential relative to that of the 
United States (i10yr − iUS

10yr ),sothatP1includescountrieswiththelowestinterestrates,  
and P5 those with the highest interest rates (e.g., Ang and Chen, 2010; Della Corte et al.,  
2016b). Sorting on long-term interest rates allows us to capture departures from uncovered  
interest rate parity at the longer end of the term structure of interest rates. The portfolios  
are rebalanced monthly and the sample runs from November 1983 to December 2017. Data  
on long-term interest rates are from the OECD Monthly Monetary and Financial Statistics. 

8.   Term Spread. At the end of each month t, we sort currencies into portfolios according  
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to the foreign country’s term spread, defined as long- minus short-term rates, measured with  
the 10-year and 3-month rates (i10yr − i3mo), respectively (Bekaert et al., 2007; Lustig et al.,  
2019).  We allocate to P1 countries with the highest term spread, and conversely to P5  
countries with the lowest term spread. The portfolios are rebalanced every six months and  
the sample runs from November 1983 to December 2017. Data on long-term and short-term  
interest rates are from the OECD Monthly Monetary and Financial Statistics. 

9.   Output Gap. Following Colacito et al. (2020), at each month t, we sort currencies on  
difference between each foreign country’s output gap and the US output gap, i.e., GAPt − 
GAPUS

t  . We allocate to P1 the currencies with the lowest output gap relative to the U.S. (low 
output gap currencies) whereas we place in P5 the currencies with the highest output gap 
relative to the U.S. (high output gap currencies). The portfolios are rebalanced every month 
and the sample runs from November 1983 to January 2016. Output gaps are calculated by 
using industrial production data from the Organisation for Economic Co-operation and 
Development’s (OECD’s) Original Release Data and Revisions Database. Output gaps are 
estimated using the Hodrick-Prescott filter to extract a cyclical component from the data. 
We refer to Colacito et al. (2020) for more details. 
10.   Volatility Risk Premium.  At each month t, currencies are sorted into five port- 
folios using their one-year volatility risk premium (VRP) (e.g., Della Corte et al., 2016a).  
Currencies with the lowest VRP are allocated to P1 (expensive volatility insurance curren- 
cies), while currencies with the highest VRP are allocated to P5 (cheap volatility insurance  
currencies). The portfolios are rebalanced every month and the sample runs from January  
1998 to December 2013. We refer to Della Corte et al. (2016a) for more details. 
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Table A1: FX Spot and Forward Rates: Data Sources 

This table reports in the first column the countries analysed in the empirical analysis. The second 
column reports Datastream (DS) mnemonics of the exchange rates data used for each country. 
Daily spot and forward exchange rates are mainly sourced from Barclays Bank International (BBI), 
Reuters and WM/Reuters accessed via Datastream. 

Country Spot Forward 

Australia  BBAUDSP 
Austria  AUSTSC$, AUSTSCH 
Belgium  BELGLU$, BELGLUX 
Brazil  BRACRU$ 
Bulgaria  BULGLV$ 
Canada  BBCADSP, CNDOLLR 
Croatia  CROATK$ 
Cyprus  CYPRUS$ 
Czech Rep  CZECHC$ 
Denmark  BBDKKSP, DANISHK 
Egypt  EGYPTN$ 
Euro  BBEURSP 
Finland  FINMAR$ 
France  BBFRFSP, FRENFRA 
Germany  BBDEMSP, DMARKER 
Greece  GREDRA$ 
Hong Kong  BBHKDSP 
Hungary  HUNFOR$ 
Iceland  ICEKRO$ 
India  INDRUP$ 
Indonesia  INDORU$ 
Ireland  BBIEPSP, IPUNTER 
Israel  ISRSHE$ 
Italy  BBITLSP, ITALIRE 
Japan  BBJPYSP, JAPAYEN 
Kuwait  KUWADI$ 
Malaysia  MALADL$ 
Mexico  MEXPES$ 
Netherlands  BBNLGSP, GUILDER 
New Zealand  BBNZDSP 
Norway  BBNOKSP, NORKRON 
Philippines  PHILPE$ 
Poland  POLZLO$ 
Portugal  PORTES$, PORTESC 
Russia  CISRUB$ 
Saudi Arabia  SAUDRI$ 
Singapore  BBSGDSP 
Slovakia  SLOVKO$ 
Slovenia  SLOVTO$ 
South Africa  BBZARSP 
South Korea  KORSWO$ 
Spain  SPANPE$, SPANPES 
Sweden  BBSEKSP, SWEKRON 
Switzerland  BBCHFSP, SWISSFR 
Taiwan  TAIWDO$ 
Thailand  THABAH$ 
Turkey  TURKLI$ 
United Kingdom  BBGBPSP 
Ukraine  UKRAHY$ 
United States  USDOLLR 

BBAUD1F 
USATS1F, AUSTS1F 
USBEF1F, BELXF1F 
USBRL1F 
USBGN1F 
BBCAD1F, CNDOL1F 
USHRK1F 
USCYP1F 
USCZK1F 
BBDKK1F, DANIS1F 
USEGP1F 
BBEUR1F 
USFIM1F 
BBFRF1F, FRENF1F 
BBDEM1F, DMARK1F 
USGRD1F 
BBHKD1F 
USHUF1F 
USISK1F 
USINR1F 
USIDR1F 
BBIEP1F, IPUNT1F 
USILS1F 
BBITL1F, ITALY1F 
BBJPY1F, JAPYN1F 
USKWD1F 
USMYR1F 
USMXN1F 
BBNLG1F, GUILD1F 
BBNZD1F 
BBNOK1F, NORKN1F 
USPHP1F 
USPLN1F 
USPTE1F, PORTS1F 
USRUB1F 
USSAR1F 
BBSGD1F 
USSKK1F 
USSIT1F 
BBZAR1F 
USKRW1F 
USESP1F, SPANP1F  
BBSEK1F, SWEDK1F  
BBCHF1F, SWISF1F  
USTWD1F 
USTHB1F 
USTRY1F 
BBGBP1F 
USUAH1F 
USDOL1F 
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Table A2: FX Investment Strategy: Data Sources 

The table provides information about the data used for the construction of the 9 currency in- 
vestment strategies analysed in the paper. First column (Strategy) reports the currency strategy’s 
name, and its short name we use in the paper (SN: xxx).  Second column (Signal) specifies the 
trading signal used by the strategy, while third column (Source) reports the sources of the data 
used for the construction of the signals. 

 

Strategy  Signal 
1. Carry  (Sit − Fit)/Sit 
SN: Carry 
 
 
2. Short-term  xrt  
Momentum 
SN: ST Mom 
 
3. Long-term  xrt−1yr:t  
Momentum 
SN: LT Mom 
 
4. Currency  5yr Rel. PPP Level 
Value  Dev. 
SN: Value 
 
5. Net Foreign  −NFA/GDP  
Assets 
SN: NFA 
 
 
6.  Liabilities Do- −NFA/GDP; LDC 
mestic Currency 
SN: LDC 
 
7.  Long-term  i10yr − iUS10yr 
Yields 
SN: LYld 
8. Term Spread  −(i10yr − ik  ) 

 

Source 
Authors’ calculation based on spot and for- 
ward exchange rate quotes (midquote) from  
Barclays Bank International (BBI), Reuters  
and WM/Reuters accessed via Datastream.  
Authors’ calculation based on spot and for- 
ward exchange rate quotes (midquote) from  
Barclays Bank International (BBI), Reuters  
and WM/Reuters accessed via Datastream.  
Authors’ calculation based on spot and for- 
ward exchange rate quotes (midquote) from  
Barclays Bank International (BBI), Reuters  
and WM/Reuters accessed via Datastream.  
Real exchange rates are calculated by using  
Consumer Price Index data from IMF Inter- 
national Financial Statistics.  Only for Tai- 
wan CPI data come from National Statistics.  
Data  are  kindly  provided  to  us  by  G.M.  
Ferretti,  also available on IMF website as  
BOP/IIP Statistics.  We use the latest data  
available to fill the missing observations for  
the latest years. 
LDC data are available on Philip Lane’s web- 
site, http://www.philiplane.org/. We use the 
latest data available to fill the missing obser- 
vations for the latest years. 
For the 10-year rates, we use the Long-term 
interest rates available on OECD Monthly 
Monetary and Financial Statistics. 
For the 10-year (3-month) rates, we use the 

3mo 
SN: Term Long  (Short)-term  interest  rates  available 

on OECD Monthly Monetary and Financial 
Statistics. 

9. Output GAP GAPt − GAPUSt We thank Colacito et al. (2020) for provid- 
SN: GAP ing us with currency portfolios sorted on the 

difference between each country’s output gap  
and the US output gap.  Output gap is de- 
fined as the logarithm of the difference be- 
tween actual output and potential output. 

10.  Volatility Risk V RPt − V RPUSt We thank Della Corte et al. (2016b) for pro- 
Premium viding us with currency portfolios sorted on 
SN: VRP the country VRP differentials. 
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Table A3: FX Investement Strategies: Summary Statistics 

The table presents the summary statistics of the currency investment strategies, i.e., plain portfolios 
(P), HML cross-sectional (CS) and EW time series (TS) factors. We report the following statistics  
for the selected portfolios or factors excess returns:  mean return in p.p.a. (mean), mean p- 
value (pval), median (med.), standard deviation in p.p.a. (st.dev.), skewness (skew), kurtosis 
(kurt), Sharpe ratio annualized (SR), first-order autocorrelation coefficient (AC(1)), and number 
of observations (obs.). 

 
Carry Short-Term Momentum 

P1 P2 P3 P4 P5 CS TS P1 P2 P3 P4 P5 CS   TS 
mean -0.80 0.74 2.85 3.87 6.46 7.26 3.68 mean -1.04 1.44 2.43 3.77 5.89 6.93 2.60 
pval 0.57 0.56 0.06 0.01 0.00 0.00 0.00 pval 0.52 0.34 0.12 0.01 0.00 0.00 0.03 
med. -1.40 1.41 2.59 4.63 8.55 9.32 4.84 med. -0.09 3.41 3.65 3.92 5.34 5.99 3.20 
st.dev. 7.84 7.09 8.01 8.23 9.38 8.39 7.09 st.dev. 9.10 8.18 8.26 8.01 8.11 9.00 7.13 
skew 0.27 -0.11 -0.15 -0.42 -0.33 -0.81 -0.41 skew -0.48 -0.50 -0.40 0.15 0.23 0.28 0.07 
kurt 4.18 4.03 4.16 4.54 4.82 5.04 4.08 kurt 5.72 6.51 5.59 4.11 3.95 5.26 3.79 
SR -0.10 0.10 0.36 0.47 0.69 0.86 0.52 SR -0.11 0.18 0.29 0.47 0.73 0.77 0.37 
AC(1) 0.01 0.05 0.10 0.06 0.14 0.13 0.08 AC(1) 0.01 0.05 0.11 0.04 0.07 -0.03 0.05 
obs 410 410 410 410 410 410 410 obs 410 410 410 410 410 410 410 

Long-Term Momentum Value 
P1 P2 P3 P4 P5 CS TS P1 P2 P3 P4 P5 CS   TS 

mean 0.61 1.85 2.18 3.53 4.84 4.24 2.63 mean 0.65 3.58 1.41 2.77 3.99 3.33 -1.96 
pval 0.68 0.19 0.15 0.02 0.00 0.00 0.04 pval 0.69 0.02 0.39 0.08 0.01 0.01 0.16 
med. 1.23 2.98 1.19 3.92 6.21 6.12 3.57 med. 1.16 4.77 1.96 2.56 3.91 2.98 -3.31 
st.dev. 8.63 7.92 8.28 8.49 8.06 8.95 7.13 st.dev. 8.78 8.28 9.03 8.81 8.18 7.47 7.59 
skew 0.27 0.17 -0.05 -0.24 -0.68 -0.53 -0.29 skew -0.41 -0.41 -0.14 0.03 0.24 0.11 0.42 
kurt 5.45 4.47 4.28 4.42 6.40 4.10 3.94 kurt 4.87 4.39 4.25 4.16 4.03 3.95 3.98 
SR 0.07 0.23 0.26 0.42 0.60 0.47 0.37 SR 0.07 0.43 0.16 0.31 0.49 0.45 -0.26 
AC(1) 0.04 0.02 0.05 0.10 0.09 -0.05 0.08 AC(1) 0.11 0.10 0.03 0.04 -0.01 0.05 0.07 
obs 410 410 410 410 410 410 410 obs 410 410 410 410 410 410 410 

Net Foreign Assets Liabilities in Domestic Currency 
P1 P2 P3 P4 P5 CS TS P1 P2 P3 P4 P5 P6 CS 

mean 0.67 2.06 2.91 3.92 3.67 3.00 1.32 mean 1.04 2.28 2.04 2.19 4.10 5.16 2.80 
pval 0.45 0.19 0.06 0.01 0.04 0.03 0.32 pval 0.45 0.18 0.10 0.13 0.01 0.01 0.04 
med. 0.20 1.83 3.00 6.04 5.44 4.77 1.53 med. 1.70 2.32 2.35 4.29 4.30 6.98 3.62 
st.dev. 5.02 8.65 8.34 7.82 9.94 7.63 7.16 st.dev. 7.57 9.40 7.15 7.69 8.82 9.87 7.33 
skew 0.30 0.03 -0.21 -0.62 -0.30 -0.35 -0.06 skew 0.06 -0.02 -0.20 -0.25 -0.49 -0.36 -0.29 
kurt 4.74 3.83 4.01 4.77 5.14 4.88 3.82 kurt 4.19 3.91 3.71 4.55 6.19 4.57 3.91 
SR 0.13 0.24 0.35 0.50 0.37 0.39 0.18 SR 0.14 0.24 0.28 0.29 0.46 0.52 0.38 
AC(1) 0.01 0.06 0.07 0.16 0.05 0.07 0.08 AC(1) 0.06 0.07 0.02 0.10 0.04 0.12 0.08 
obs 410 410 410 410 410 410 410 obs 410 410 410 410 410 410 410 

Term Spread Long-Term Yields 
P1 P2 P3 P4 P5 CS TS P1 P2 P3 P4 P5 CS   TS 

mean 0.93 1.52 1.88 3.44 3.74 2.82 -0.58 mean 0.36 1.62 2.71 3.98 2.23 1.87 3.32 
pval 0.57 0.37 0.32 0.03 0.06 0.08 0.65 pval 0.84 0.36 0.08 0.02 0.24 0.25 0.01 
med. 1.71 2.40 3.96 3.51 4.79 5.64 -0.33 med. -0.16 1.64 1.68 5.83 3.25 4.47 4.26 
st.dev. 9.12 9.69 10.23 9.04 10.76 9.06 7.17 st.dev. 9.64 9.85 8.66 9.65 10.55 9.24 7.11 
skew -0.08 0.05 -0.48 -0.07 -0.75 -1.01 -0.21 skew 0.17 -0.09 -0.30 -0.47 -0.63 -0.91 -0.23 
kurt 4.09 3.77 4.91 4.15 6.61 6.74 3.78 kurt 3.30 3.92 5.08 4.58 7.00 6.37 3.96 
SR 0.10 0.16 0.18 0.38 0.35 0.31 -0.08 SR 0.04 0.16 0.31 0.41 0.21 0.20 0.47 
AC(1) 0.04 0.04 0.08 0.02 0.08 0.03 0.05 AC(1) 0.05 0.06 0.04 0.03 0.08 0.01 0.08 
obs 410 410 410 410 410 410 410 obs 410 410 410 410 410 410 410 

Output Gap Volatility Risk Premia 
P1 P2 P3 P4 P5 CS TS P1 P2 P3 P4 P5 CS   TS 

mean -0.25 0.96 2.77 4.00 6.41 6.66 - mean 0.55 2.40 1.05 2.71 4.71 4.16 - 
pval 0.89 0.58 0.15 0.02 0.00 0.00 - pval 0.80 0.38 0.67 0.26 0.07 0.04 - 
med. 1.16 2.12 3.15 4.76 7.15 5.28 - med. -0.63 6.01 1.28 2.33 5.06 5.09 - 
st.dev. 10.18 9.09 10.12 9.32 9.05 8.14 - st.dev. 8.61 10.62 9.09 8.93 10.16 8.14 - 
skew -0.06 -0.47 -0.28 -0.27 -0.28 0.01 - skew -0.18 -0.54 -0.32 -0.44 -0.23 0.01 - 
kurt 4.49 4.72 4.75 4.39 3.97 4.32 - kurt 4.81 4.76 3.57 5.83 3.94 4.54 - 
SR -0.02 0.11 0.27 0.43 0.71 0.82 - SR 0.06 0.23 0.12 0.30 0.46 0.51 - 
AC(1) 0.03 0.08 0.08 -0.01 0.07 -0.03 - AC(1) 0.03 0.07 0.11 0.08 0.04 -0.02 - 
obs 387 387 387 387 387 387 - obs 192 192 192 192 192 192 - 
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Table A4: HML Portfolios Correlation Matrix 

The table presents the correlation matrix of investment strategies’ HML spread portfolios.  We 
compute pairwise correlations over the 11/1983-12/2017 period, for the months in which selected 
factors are available. 

Carry  ST Mom  LT Mom  Value  NFA  LDC  Term  LYld  GAP  VRP 
Carry 1 -0.10 0.04 0.08 0.47 0.55 0.54 0.76 0.00 -0.03 
ST Mom -0.10 1 0.25 -0.05 -0.15 -0.19 -0.09 -0.17 0.13 0.15 
LT Mom 0.04 0.25 1 -0.39 -0.08 -0.02 0.04 -0.06 0.14 -0.10 
Value 0.08 -0.05 -0.39 1 0.11 -0.02 -0.11 0.14 0.09 0.08 
NFA 0.47 -0.15 -0.08 0.11 1 0.60 0.25 0.49 -0.06 0.26 
LDC 0.55 -0.19 -0.02 -0.02 0.60 1 0.31 0.40 -0.01 0.06 
Term 0.54 -0.09 0.04 -0.11 0.25 0.31 1 0.49 -0.08 0.02 
LYld 0.76 -0.17 -0.06 0.14 0.49 0.40 0.49 1 0.01 0.04 
GAP 0.00 0.13 0.14 0.09 -0.06 -0.01 -0.08 0.01 1 -0.10 
VRP -0.03 0.15 -0.10 0.08 0.26 0.06 0.02 0.04 -0.10 1 
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II  Non-Tradable Candidate Risk Factors 
 
 
Table A5: Financial Risk Factors 

This table reports in the first column (Name) financial risk factors’ names.  The second column  
(Description) reports short descriptions of the risk factors and the sources of the data used for  
the construction of the factors.  Finally, the third (Start) and the fourth (End) columns report  
the period in which the factors are available. In the empirical analysis, we use innovations of the  
factors instead of the raw factors.  For each factor, innovations are estimated either as the first  
difference of the factor (d) or as the residuals from an AR(1) fitted to the factor itself (i). 

 
 
Name Description Start End 
move Merrill Lynch Option Volatility Estimate Index (move),  and 03/1989 12/2017 
vxo CBOE S&P 100 Volatility Index (vxo). 11/1986 12/2017 

Source: https://fred.stlouisfed.org/, and Bloomberg 
MF1 First three principal components extracted from a large dataset 11/1983 12/2017 
MF2 of macro and financial time series. 
MF3 Source: Updated Macro Factors in Bond Risk Premia database 

available on Sidney Ludvigson’s website 
gvol Global FX volatility (gvol) and liquidity (gliq) factors,  con- 10/1983 12/2017 
gliq structed as in Menkhoff et al. (2012a). 

Source:  Authors’  calculations  based  on  daily  exchange  rate 
quotes from Barclays Bank International (BBI), Reuters and 
WM/Reuters via Datastream 

psliq Pastor and Stambaugh equity liquidity factor (Pastor and Stam- 11/1983 12/2017 
baugh, 2003). 
Source: Lubos Pastor’s website 

sliq Systematic,  low frequency,  FX (il)liquidity factor (Karnaukh 02/1991 12/2017 
et al., 2015). 
Source: Angelo Ranaldo’s website 

ted TED spread. 02/1986 12/2017 
Source: https://fred.stlouisfed.org/ 

noise Market-wide liquidity measure based on the connection between 02/1987 12/2016 
the amount of arbitrage capital in the market and observed price 
deviations (noise) in U.S. Treasury bonds (Hu et al., 2013). 
Source: Jun Pan’s website 

icap Intermediary capital risk factor based on the equity capital ratio 11/1983 12/2017 
of financial intermediaries (He et al., 2017). 
Source: Zhiguo He’s website 

oilvolr Realized volatilities based on squared daily returns (oilvolr) and 11/1983 12/2017 
oilvole residuals (oilvolr) of a AR(1) process fitted to WTI oil price. 

Source: https://fred.stlouisfed.org/ 
gcf Global financial cycle factor extracted from a dynamic factor 11/1983 12/2017 

model for a large and heterogeneous panel of risky asset prices 
traded around the globe (Miranda-Agrippino and Rey, 2020). 
Source: S. Miranda-Agrippino’s website 

otic Official (otic) and Private (ptic) net inventories in U.S. Trea- 11/1983 12/2017 
ptic suries from the Treasury International Capital (TIC) System, 

standardized over rolling 3-year standard deviation. 
Source: https://www.treasury.gov 

corp spread between BAA and AAA rated bond yields. 01/1986 12/2017 
Source: https://fred.stlouisfed.org/ 

lib-ois Libor-OIS spread and OIS-TBill spread based on Libor, TBill, 12/2001 12/2017 
ois-tbill OIS data. 

Source: https://fred.stlouisfed.org/ 
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Table A6: Macro Risk Factors 

This table reports in the first column (Name) macroeconomic risk factors’ names.  The second  
column (Description) reports short descriptions of the risk factors and the sources of the data used  
for the construction of the factors. Finally, the third (Start) and the fourth (End) columns report  
the period in which the factors are available. Each factor in the list is used in the paper for different  
time-formation periods, i.e., mom (this the benchmark time-formation period and indicates either  
a month-on-month log growth for the factors from indprous to cpiworldvsus or the end-of-month  
value for the factors from ipstd to cpistdw); qoq (three-month simple moving average); yoy (12- 
month simple moving average); eqoq (three-month exponential moving average); eyoy (12-month  
exponential moving average). In the empirical analysis, we use innovations of the factors instead  
of the raw factors. For each factor, innovations are estimated either as the first difference of the  
factor (d) or as the residuals from an AR(1) fitted to the factor itself (i). 

 

Name Description Start End 
ipus Log growth rate in U.S. industrial production index. 11/1983 12/2017 

Source: https://fred.stlouisfed.org/ 
cpius Log growth rate in U.S. consumer price index. 11/1983 12/2017 

Source: https://fred.stlouisfed.org/ 
nfpyr Log growth rate in U.S. non-farm payroll. 11/1983 12/2017 

Source: https://fred.stlouisfed.org/ 
cfnai U.S. Chicago Fed national activity index. 11/1983 12/2017 

Source: https://fred.stlouisfed.org/ 
uneus Log growth rate in U.S. harmonized unemployment rate (total). 11/1983 12/2017 

Source: https://fred.stlouisfed.org/ 
cus Log growth rate in U.S. aggregate real per capita consumption ex- 11/1983 12/2017 

penditures on nondurable goods and services.  
Source: https://fred.stlouisfed.org/ 

ipw Cross-country GDP-weighted average of log growth rates in indus- 11/1983 12/2017 
trial production. 
Source: https://stats.oecd.org/ 

ipw/us Cross-country GDP-weighted average of log growth rates in indus- 11/1983 12/2017 
trial production minus log growth rate in U.S. industrial production.  
Source: https://stats.oecd.org/ 

cpiw Cross-country GDP-weighted average of log growth rates in con- 11/1983 12/2017 
sumer price index. 
Source: https://stats.oecd.org/ 

cpiw/us Cross-country GDP-weighted average of log growth rates in con- 11/1983 12/2017 
sumer price index minus log growth rate in U.S. consumer price  
index. 
Source: https://stats.oecd.org/ 

unew Cross-country  GDP-weighted  average  of  unemployment  rate  log 11/1983 12/2017 
growth rates. 
Source: https://stats.oecd.org/ 

unew/us  Cross-country GDP-weighted average of log growth rates in unem- 11/1983  12/2017 
ployment rate minus log growth rate in U.S. unemployment rate. 
Source: https://stats.oecd.org/ 

ipstd Cross-country standard deviation of log growth rates in industrial 11/1983 12/2017 
production. 
Source: https://stats.oecd.org/ 

ipstdw Cross-country standard deviation of GDP-weighted log growth rates 11/1983 12/2017 
in industrial production. 
Source: https://stats.oecd.org/ 

cpistd Cross-country standard deviation of log growth rates in consumer 11/1983 12/2017 
price index. 
Source: https://stats.oecd.org/ 

cpistdw Cross-country standard deviation of GDP-weighted log growth rates 11/1983 12/2017 
in consumer price index. 
Source: https://stats.oecd.org/ 
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Table A7: Text-Based Risk Factors 

This table reports in the first column (Name) text-based risk factors’ names. The second column  
(Description) reports short descriptions of the risk factors and the sources of the data used for  
the construction of the factors.  Finally, the third (Start) and the fourth (End) columns report  
the period in which the factors are available. In the empirical analysis, we use innovations of the  
factors instead of the raw factors.  For each factor, innovations are estimated either as the first  
difference of the factor (d) or as the residuals from an AR(1) fitted to the factor itself (i). 

 

Name Description Start End 
gepu Monthly indexes of Global Economic Policy Uncertainty com- 01/1997 12/2017 
gepu_ppp puted as a GDP-weighted (gepu) average or as a PPP-adjusted 01/1997 12/2017 

GDP-weighted (gepu_ppp) average of national EPU indexes for 
21 countries. 
Source: https://www.policyuncertainty.com 

fsi_tx newspaper-based Financial Stress Indicator for the U.S. 11/1983 12/2016 
Source: https://www.policyuncertainty.com 

emv_ov Newspaper-based  Equity  Market  Volatility (EMV)  trackers 01/1985 12/2017 
emv_mout that move with the CBOE Volatility Index (VIX) and with 
emv_mqnt the realized volatility of returns on the S&P 500.  In addition 
emv_inf to the Overall EMV Tracker (emv_ov), other category-specific 
emv_com EMV trackers are also considered, e.g., Macroeconomic News 
emv_ir and Outlook (emv_mout), Macro - Broad Quantity Indicators 
emv_fc (emv_mqnt),  Macro  -  Inflation  Indicator (emv_inf),  Com- 
emv_fx modity Markets (emv_com), Macro - Interest Rates (emv_ir), 
emv_fp Financial Crises (emv_fc),  Exchange Rates (emv_fx),  Fiscal 
emv_tx Policy (emv_fp),  Taxes (emv_tx),  Government  Spending, 
emv_gov Deficits,  and  Debt (emv_gov),  Monetary  Policy(emv_mp), 
emv_mp Regulation (emv_reg), Financial Regulation (emv_freg), Trade 
emv_reg Policy (emv_tp). 
emv_freg 
emv_tp 

Source: https://www.policyuncertainty.com 
epu_all Indexes of U.S. economic policy uncertainty that hinge upon 01/1985 12/2017 
epu_mp newspaper  coverage  frequency.   In  addition  to  the  general 
epu_fp Economic  Policy  Uncertainty  index (epu_all), 11 categor- 
epu_tx ical  sub-indexes  are  also  considered,  e.g.,  Monetary  policy 
epu_gov (epu_mp),  Fiscal Policy (epu_fp),  Taxes (epu_tx),  Govern- 
epu_hc ment  spending (epu_gov),  Health  care (epu_hc),  National 
epu_ns security (epu_ns), Entitlement programs (epu_ep), Regulation 
epu_ep (epu_reg),  Financial  Regulation (epu_reg),  Trade  policy 
epu_reg (epu_tr), Sovereign debt, currency crises (epu_cc). 
epu_freg  
epu_tr 
epu_cc  Source: https://www.policyuncertainty.com 
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III  Additional Empirical Analysis 
 
 

Figure A1: Individual Portfolios Risk Exposures to Latent Factors 
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The figure shows portfolios’ loadings on the six estimated latent factors from the panel of currency  
portfolios excess returns by means of RP-PCA with baseline RP-weight, i.e., ω = 20.  The RP- 
PCA loadings are also given by the regression coefficients using transformed data, that is, by  
incorporating the cross-sectional error (Lettau and Pelger, 2020a,b).  Specifically, define ωnt  =  
√ω + 1 − 1,Xnt  = Xnt + ωXnt + ent  an Fkt  = Fkt + Fkt.  Then, for any value of ω, RP- 
PCA loadings are given by the coefficients ψn) from the time-series regressions, Xnt = Ftψ⊤n +e

nt,  
n = 1,...,N. The test assets’ sample consists of the portfolios associated with the nine investment  
strategies (N = 46). The sample spans the 11/1983-12/2017 period at monthly frequency. 
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Figure A2: Individual Portfolios Explained Variation by Latent Factor 
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The figure shows the R2s obtained by regressing currency portfolios’ excess returns (Xnt) on the 
estimated orthogonalized latent factors  Ft =  F1t,... FKt], with K = 6). Factors are estimated 
from the panel of test asset excess returns by means of RP-PCA with baseline RP-weight (i.e.,  
ω = 20). The estimated factors are then orthogonalized, to facilitate their economic interpretation.  
We estimate N × K time-series regressions, Xnt = αn F1:ktψ⊤

n +e
nt,n=1,...,N,k=1,...,K,  

with F1:kt = F1t,... Fkt]. In this way, for each portfolio, we show factors’ contributions to the  
overall R2n,omittingthato F1t, to better visualize the evidence. We report the overall R2ns,which  
include all K factors, above the bars. The test assets’ sample consists of the portfolio excess returns  
associated with the nine investment strategies (N = 46). The sample spans the 11/1983-12/2017  
period at monthly frequency. 
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Figure A3: Candidate Factor Explained Variations by the Six Latent Factors 
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The figure shows candidate factors’ explained variation by latent factors.  Panel A (Financial),  
Panel B (Text-Based), and Panel C (Macro) present financial, text-based and macro candidate  
factors, respectively.  For model RP-PCA with ω = 20, we consider the first six extracted latent  
factors, so that F1−K  with K = 1, . . . , 6. In each panel, factors are sorted by the R2s associated  
with the K factors’ SDF (we only display the 30 macro factors with the highest R2s).  Green  
(red) K-th bar edges denote (not) significant risk premia, at the 10 percent level, according to the  
selected SDF. The test assets’ sample consists of the portfolios associated with the nine investment  
strategies (N = 46). Factors are expressed as innovations, using the residuals from AR(1) processes,  
and are then standardized. The sample period varies with the factor at hand, according to data  
availability over the 11/1983-12/2017 period.  See factor descriptions in Tables A5-A7, in the  
Internet Appendix. 
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Table A8: Exposures of All Candidate Factors to Latent Factors 

The table presents the non-tradable candidate factors’ exposures to the latent factors (ηFk ) and 
the explained variations (R2 

F1−k 
) obtained from the spanning regression of Eq. (14), for SDFs  

including an increasing number of factors, k = 1, . . . , K. We report the candidate factor exposures to 
the first six extracted, orthogonalized latent factors (i.e., K = 6).  The factors are extracted by 
applying RP-PCA with baseline weight (i.e., ω = 20) to the portfolios obtained from the 9 
investment strategies.  Panels A, B, and C show the estimates for the financial, text-based, and 
macro factors, respectively. To contain the space, we do not report macro factors measured using 
exponential moving averages.∗∗∗,∗∗,∗ denote significance, respectively, at the 1-, 5- and 10-percent 
levels, based on Newey-West standard errors. 

PANEL A: Financial Factors 
A.I: Risk Exposures A.II: Explained Variation 

ηF1 ηF2 ηF3 ηF4 ηF5 ηF6 R2 F1R2 F1−2R2 F1−3R2 F1−4R2 F1−5R2 F1−6 
otic  0.7∗∗ 
otic2  0.7∗ 
ptic  -0.4 
ptic2  -0.4 
icap  0.7∗∗ 
mf1  0.2 
mf2  -1.2∗∗ 
mf3  1.2∗∗ 
noise  -1.4∗ 
sliq  -1.3∗∗ 
oilvole  -0.1 
oilvolr  0.5 
gfc  3.1∗∗∗ 
gliq  -0.4 
gvol  -1.1∗∗ 
psliq  0.0 
corp  -1.8∗∗ 
ted  -0.5 
lib ois  -1.5∗ 
ois lib  -0.3 
move  -1.0∗∗ 
vxo  -1.6∗∗∗ 

5.7∗∗∗  -0.5  -1.8  2.3  7.2∗∗  1.2  3.6  3.7  3.8  4.1 
4.8∗∗∗  -0.6  -2.5  2.8  8.5∗∗∗  1.0  2.7  2.8  3.0  3.4 

-0.2  -1.2  -0.6  1.2  -1.8  0.4  0.4  0.6  0.6  0.6 
-1.4  -1.2  -1.1  0.7  0.2  0.3  0.5  0.6  0.6  0.7 
9.5∗∗∗  -6.4∗∗∗  3.2  6.9∗∗∗  3.7  1.1  7.9  10.9  11.4  13.6 

-1.4  3.6∗∗  1.2  -1.8  0.6  0.1  0.2  1.2  1.2  1.4 
-0.8  2.5  -2.4  1.5  -1.3  3.0  3.0  3.5  3.8  3.9 
1.0  -5.1∗∗  0.3  1.3  2.5  3.3  3.4  5.3  5.3  5.4 

-11.3∗∗∗  11.4∗∗  7.9∗  -0.4  -0.5  5.0  10.8  17.3  20.0  20.0 
-10.4∗∗∗  5.4  7.8∗  -0.7  -6.7∗  5.8  11.3  13.4  16.3  16.3 
-5.5  1.0  -0.7  3.6  0.4  0.0  2.3  2.4  2.4  3.0 
-2.7∗∗  3.2  -1.1  -0.5  1.6  0.5  1.1  1.8  1.9  1.9 
11.7∗∗∗  -7.7∗∗∗  -3.5  8.7∗∗∗  3.2  21.8  32.1  36.4  37.0  40.6 
-3.2∗∗  3.6∗∗  -0.0  -2.6  -3.5  0.4  1.1  2.1  2.1  2.4 
-9.9∗∗∗  3.2  7.9∗∗  -1.8  -8.5∗∗∗  2.6  10.0  10.7  13.6  13.8 
8.0∗∗  -0.9  -1.0  2.3  -0.7  0.0  4.9  4.9  5.0  5.2 

-5.1∗∗  11.0∗∗  2.3  1.8  0.9  6.3  7.5  14.9  15.2  15.3 
-6.9∗  -0.4  0.6  0.7  0.3  0.5  4.0  4.0  4.0  4.0 

-14.2∗  3.7  1.7  6.9  5.0  6.5  16.0  17.0  17.2  18.1 
-7.4  2.2  -0.1  5.0  14.0∗∗  0.2  1.9  2.1  2.1  2.6 

-10.9∗∗∗  7.8∗∗∗  -0.0  -0.2  -2.1  2.7  8.3  11.7  11.7  11.7 
-15.2∗∗∗  10.4∗∗∗  1.9  -6.9∗∗∗  -1.4  6.5  19.9  26.4  26.6  28.5 

PANEL B: Text-Based Factors 

5.9 
6.0 
0.8 
0.7 

14.1 
1.4 
3.9 
5.6 

20.1 
17.7 
3.0 
2.0 

40.9 
2.8 

16.3 
5.3 

15.3 
4.0 

18.5 
5.7 

11.8 
28.6 

B.I: Risk Exposures B.II: Explained Variation 
ηF1 ηF2 ηF3 ηF4 ηF5 ηF6 R2 F1R2 F1−2R2 F1−3R2 F1−4R2 F1−5R2 F1−6 

gepu 0.0 -10.9∗∗∗ 3.8 3.5 -3.5 -3.7 1.1 7.0 7.4 7.9 8.1 8.5 
gepu ppp 0.1 -11.8∗∗∗ 4.2 3.3 -3.6 -3.1 0.9 7.5 8.0 8.4 8.6 8.9 
fsi tx -0.4 -5.4∗ 4.7∗∗ 2.6 -2.7 1.9 0.5 2.7 4.4 4.7 5.1 5.2 
epu all 0.1 -6.0∗∗ 2.9 4.3∗∗ -4.8∗ -0.7 0.0 2.8 3.6 4.4 5.4 5.4 
epu mp 0.4 -7.0∗∗ 1.0 3.8∗ -1.1 3.0 0.3 3.9 4.0 4.7 4.7 5.0 
epu fp 0.1 -3.5 3.3 2.5 -3.1 3.6 0.1 1.0 1.8 2.1 2.5 3.0 
epu tx 0.0 -3.3 3.2 3.0 -2.9 3.2 0.0 0.8 1.6 2.0 2.4 2.8 
epu gov 0.6 -2.8 2.6 1.8 -2.0 2.6 0.7 1.2 1.8 1.9 2.1 2.3 
epu hc -0.3 -1.6 -0.7 0.9 -2.3 0.6 0.2 0.4 0.4 0.5 0.7 0.7 
epu ns 0.1 -1.6 3.8∗∗ 0.7 -3.8 -4.1∗ 0.0 0.2 1.5 1.5 2.0 2.6 
epu ep 0.1 -1.3 -0.8 0.6 -3.4 0.2 0.0 0.2 0.2 0.2 0.7 0.7 
epu reg 0.0 -4.8∗ 0.7 3.4 -0.9 -3.9 0.0 1.7 1.8 2.3 2.3 2.9 
epu freg 0.2 -5.5 0.9 0.7 1.4 -3.1 0.1 2.4 2.4 2.4 2.6 2.9 
epu tr -0.4 -2.8 -2.2 1.1 -0.2 -5.2∗∗ 0.5 1.1 1.4 1.5 1.5 2.4 
epu cc 0.2 -3.5∗∗ -0.3 0.7 -1.3 -3.4 0.1 1.1 1.1 1.1 1.1 1.6 
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emv ov -0.5 -9.2∗∗ 2.9 1.9 -1.5 0.2 0.5 6.7 7.3 7.5 7.6 7.6 
emv mout -0.4 -9.1∗∗ 2.3 2.8 -0.2 1.3 0.3 6.4 6.7 7.1 7.1 7.1 
emv mqnt -0.3 -7.9∗∗ 1.4 2.6 -1.1 1.1 0.1 4.7 4.9 5.2 5.3 5.3 
emv inf -0.3 -8.0∗∗ 2.9 0.1 -1.0 0.2 0.1 4.8 5.5 5.5 5.5 5.5 
emv com -0.6 -9.0∗∗ 3.7 1.3 -1.6 0.3 0.6 6.6 7.6 7.6 7.8 7.8 
emv ir -0.2 -8.1∗∗ 0.9 1.3 -1.5 1.5 0.1 5.0 5.0 5.1 5.2 5.3 
emv fc -0.7 -6.2∗ 2.6 2.8 3.0 -2.2 1.1 3.7 4.1 4.5 4.9 5.1 
emv fx -0.1 -6.0∗∗ 3.3∗∗ -3.2 -0.1 -8.7∗∗∗ 0.0 2.7 3.5 4.0 4.0 6.7 
emv fp -0.3 -7.4∗∗ 1.6 1.1 -1.5 0.3 0.2 4.3 4.5 4.5 4.6 4.6 
emv tx -0.3 -7.8∗∗ 2.1 2.1 -0.6 0.5 0.2 4.6 5.0 5.2 5.2 5.2 
emv gov 0.1 -4.4∗ -0.6 -1.5 -1.7 1.4 0.0 1.5 1.5 1.6 1.8 1.8 
emv mp -0.6 -8.7∗∗∗ 2.9 3.0 0.3 1.1 0.7 6.2 6.7 7.1 7.1 7.2 
emv reg -0.2 -8.6∗∗ 2.0 2.1 1.6 0.1 0.1 5.3 5.6 5.8 5.9 5.9 
emv freg -0.5 -7.6∗ 1.4 2.3 1.3 2.3 0.5 4.6 4.7 4.9 5.0 5.1 
emv tp -0.3 -5.5∗∗ 3.9∗∗ -0.7 0.3 -0.8 0.2 2.3 3.4 3.4 3.4 3.4 

PANEL C: Macro Factors 
C.I: Risk Exposures  

ηF  ηF  ηF  ηF  ηF 
C.II: Explained Variation  

ηF  R2  R2  R2  R2  R2  R2 
1  2  3  4  5  6  F1 F1−2 F1−3 F1−4 F1−5 F1−6 

ipus(m) -0.3 2.0 0.7 -1.9 1.4 0.6 0.2 0.5 0.6 0.7 0.8 0.8 
ipus(q) 0.5 1.3 -0.9 -1.2 5.9∗ -0.6 0.6 0.7 0.8 0.9 2.5 2.5 
ipus(y) 0.2 2.3 0.2 -0.2 -0.8 -1.6 0.1 0.5 0.5 0.5 0.6 0.7 
cpius(m) 0.2 0.5 -2.7 -1.4 3.8 0.8 0.1 0.1 0.6 0.7 1.4 1.4 
cpius(q) 0.4 0.5 -3.2∗ -3.3 3.7 -1.1 0.3 0.3 1.1 1.6 2.3 2.3 
cpius(y) 0.3 1.1 -3.6∗ -3.6 0.2 -0.3 0.2 0.3 1.3 1.9 1.9 1.9 
nfpyr(m) 0.3 -0.1 -0.5 1.2 -1.2 0.8 0.1 0.2 0.2 0.2 0.3 0.3 
nfpyr(q) 0.8∗∗ 1.4 -0.5 0.9 1.9 0.6 1.3 1.5 1.5 1.5 1.7 1.7 
nfpyr(y) 0.6 0.6 -0.9 0.2 -1.7 -0.0 0.8 0.8 0.9 0.9 1.0 1.0 
cfnai(m) -0.1 0.8 -2.3 -1.9 1.5 1.1 0.0 0.1 0.5 0.6 0.7 0.8 
cfnai(q) 0.5 2.4 -1.9 -1.2 5.8∗ 0.5 0.5 0.9 1.2 1.2 2.8 2.8 
cfnai(y) 0.5 1.1 -1.7 -1.2 -1.4 0.0 0.7 0.7 1.0 1.0 1.1 1.1 
uneus(m) -0.1 0.0 -2.6 3.1 -0.8 -0.9 0.0 0.0 0.5 1.0 1.0 1.0 
uneus(q) -0.1 -1.0 0.6 1.2 -3.1 0.6 0.0 0.1 0.1 0.2 0.6 0.7 
uneus(y) -0.0 0.6 -4.1∗∗ 1.6 0.9 0.3 0.0 0.0 1.3 1.4 1.4 1.4 
uneus(eq) -0.1 -0.2 -3.3 2.8 -0.6 -0.8 0.0 0.0 0.9 1.2 1.2 1.3 
uneus(ey) -0.2 -0.4 -3.6∗ 2.2 -1.0 0.0 0.1 0.1 1.1 1.3 1.4 1.4 
cus(m) -0.9∗∗ -0.3 -0.7 -2.3 1.0 -0.6 2.0 2.0 2.0 2.2 2.3 2.3 
cus(q) -0.3 -0.4 0.8 -0.8 0.7 -0.4 0.2 0.2 0.3 0.3 0.3 0.3 
cus(y) -0.7 -2.3 -1.5 -0.8 -0.1 1.5 1.1 1.5 1.6 1.7 1.7 1.7 
ipw(m) 0.2 -1.4 -2.9 0.8 0.2 2.3 0.1 0.3 0.9 0.9 0.9 1.1 
ipw(q) 0.2 -2.7 -1.8 0.1 1.0 1.9 0.1 0.7 0.9 0.9 0.9 1.1 
ipw(y) 0.3 -2.3 -1.2 -1.1 -1.4 7.9∗∗∗ 0.2 0.6 0.7 0.7 0.8 3.0 
ipw/us(m) 0.1 -2.4 -3.2 2.5 -1.0 2.2 0.0 0.5 1.2 1.5 1.5 1.7 
ipw/us(q) -0.2 -3.7∗∗ -1.4 1.1 -0.9 2.0 0.1 1.1 1.2 1.3 1.3 1.5 
ipw/us(y) 0.3 -3.5 -1.5 -0.3 -1.1 7.6∗∗ 0.2 1.1 1.3 1.3 1.4 3.4 
cpiw(m) 0.3 -0.3 -2.5 -1.1 -0.3 -1.7 0.3 0.3 0.7 0.8 0.8 0.9 
cpiw(q) 0.1 -1.4 -4.1∗∗∗ 0.3 -0.2 -2.6 0.0 0.2 1.4 1.4 1.4 1.7 
cpiw(y) -0.4 -1.3 -1.3 -2.6 1.2 2.2 0.3 0.5 0.6 0.9 1.0 1.1 
cpiw/us(m) 0.1 -0.4 -0.3 -2.1 0.4 -2.7 0.0 0.0 0.0 0.2 0.2 0.5 
cpiw/us(q) -0.0 -1.6 -2.6 -0.3 1.8 -4.4∗ 0.0 0.2 0.7 0.7 0.9 1.6 
cpiw/us(y) -0.8∗∗∗ -1.0 0.4 -0.9 0.9 1.1 1.6 1.6 1.7 1.7 1.7 1.8 
ipstd(m) 0.2 1.0 -0.9 0.7 -1.9 -0.2 0.1 0.2 0.3 0.3 0.5 0.5 
ipstd(q) 0.4 -3.2 1.7 1.5 -4.4∗∗ -0.3 0.4 1.2 1.4 1.5 2.4 2.4 
ipstd(y) 0.5 -2.4 0.0 2.9 0.9 1.0 0.5 0.9 0.9 1.3 1.3 1.4 
ipstdw(m) 0.0 -1.0 -0.2 2.2 -1.9 -0.2 0.0 0.1 0.1 0.3 0.5 0.5 
ipstdw(q) 0.5 -4.0∗ 2.6 2.1 -6.2∗∗∗ 1.3 0.5 1.7 2.2 2.4 4.2 4.3 
ipstdw(y) 0.1 -0.7 -2.0 0.0 -2.7 2.2 0.0 0.1 0.3 0.3 0.6 0.8 
cpistd(m) -0.1 0.0 -0.5 2.1 2.2 -1.0 0.0 0.0 0.0 0.3 0.5 0.5 
cpistd(q) -0.2 1.1 0.1 2.8∗ 3.5∗∗ -0.4 0.1 0.2 0.2 0.6 1.2 1.2 
cpistd(y) -0.2 1.8 3.1 0.7 2.2 1.8 0.1 0.4 1.0 1.0 1.2 1.3 
cpistdw(m) 0.2 0.7 -1.7 -0.2 -0.5 -2.0 0.1 0.1 0.3 0.3 0.4 0.5 
cpistdw(q) -0.0 -1.7 -2.6∗ 0.7 -0.2 -2.0 0.0 0.2 0.7 0.8 0.8 0.9 
cpistdw(y) -0.1 -1.3 0.3 -1.2 0.3 0.5 0.0 0.2 0.2 0.2 0.2 0.2 
unew(m) -0.2 -1.0 1.2 2.8 2.6 1.2 0.1 0.1 0.2 0.6 0.9 1.0 
unew(q) -0.1 0.6 0.5 1.2 -0.4 0.2 0.0 0.1 0.1 0.2 0.2 0.2 
unew(y) -0.3 -1.3 0.8 0.4 1.5 0.4 0.2 0.3 0.3 0.3 0.4 0.5 
unew/us(m) -0.3 -2.3 -3.0 -3.1 2.0 0.3 0.2 0.7 1.3 1.8 2.0 2.0 
unew/us(q) -0.3 -2.9∗ -2.4 -1.1 1.8 -1.1 0.1 0.8 1.2 1.3 1.4 1.5 
unew/us(y) -0.2 -2.0 -3.6∗∗ -2.8 -0.5 1.1 0.1 0.4 1.4 1.8 1.8 1.8 
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Table A9: Risk Premia of Candidate Factors: RP-Weight Robustness with Two-Factor SDFs  
The table presents the risk-premium estimates for each candidate non-tradable risk factor (gt).  
Panel FMB presents the risk-premium point estimates (λg ) and Shanken standard errors (se) from  
the standard two-pass procedure, including the constant and the candidate factor. The remaining  
panels report the estimates from the (augmented) three-pass procedure of GX with two-factor SDF,  
ϕ(F1−2), for ω = −1 (no overweight), ω = 20 (baseline RP-weight), and ω = 50 (high RP-weight) in  
the left, mid, and right panels, respectively. The risk-premium estimates (λg ) are reported along  
with the Newey-West standard errors (se), computed following Giglio and Xiu (2020);∗∗∗,∗∗,∗  
denote significance, respectively, at the 1-, 5- and 10-percent levels. As for the three-pass method,  
for each factor and a given SDF, we also report the spanning R2s (R2) resulting from projecting  
the factor onto the k latent factors entering the SDF; the Sharpe ratios (SR) associated with the  
projected factor, i.e., the return-based counterpart to the original non-tradable factor; and, the  
p-value (pval) of the test of GX that factor gt is weak. In Panels A, B and C, we present financial  
(FIN), text-based (TXT), and macro (MAC) candidate g factors that have significant risk-premium  
estimates according to at least one of the RP-weight reported. When a macro factor is significant  
for multiple frequencies, we present the most representative. Factors are expressed as innovations,  
using the residuals from AR(1) processes, and are then standardized. The test assets consist of the  
portfolios from the nine investment strategies (N = 46). The sample period varies with the factor  
at hand, according to data availability over the 11/1983-12/2017 period. See non-tradable factor  
descriptions in Tables A5-A7, in the Internet Appendix. 

 
PANEL A: FMB ω = −1 ω = 20 ω = 50 
FIN λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
otic 7.11∗∗ (2.74) 0.30 (0.19) 3.03 0.14 0.00 0.79∗∗∗ (0.28) 3.63 0.34 0.00 0.85∗∗∗ (0.30) 3.49 0.38 0.00 
icap 3.12∗∗ (1.54) 0.52∗ (0.30) 10.80 0.13 0.00 1.21∗∗∗ (0.34) 7.87 0.36 0.00 1.23∗∗∗ (0.36) 6.50 0.40 0.00 
noise -3.87∗∗∗ (1.37) -1.10∗∗ (0.44) 16.65 0.14 0.00 -1.42∗∗∗ (0.44) 11.16 0.32 0.00 -1.40∗∗∗ (0.43) 10.30 0.34 0.00 
sliq -3.22∗∗ (1.44) -0.77∗∗ (0.35) 14.37 0.14 0.00 -1.33∗∗∗ (0.38) 10.15 0.31 0.00 -1.29∗∗∗ (0.38) 9.42 0.33 0.00 
gfc 2.32∗∗ (1.14) 1.03∗ (0.59) 36.48 0.14 0.00 1.92∗∗∗ (0.47) 32.10 0.28 0.00 1.93∗∗∗ (0.49) 29.89 0.29 0.00 
gliq -3.77 (3.40) -0.24∗ (0.13) 2.04 0.14 0.00 -0.44∗∗ (0.19) 1.14 0.35 0.03 -0.42∗ (0.21) 0.87 0.37 0.07 
gvol -4.04∗∗ (1.59) -0.54∗ (0.28) 10.22 0.14 0.00 -1.34∗∗∗ (0.32) 10.01 0.35 0.00 -1.40∗∗∗ (0.32) 8.93 0.39 0.00 
psliq 7.36∗∗∗ (2.54) 0.25 (0.18) 3.82 0.11 0.04 0.92∗∗ (0.37) 4.87 0.35 0.04 1.01∗∗ (0.42) 4.55 0.40 0.06 
corp -2.00 (1.65) -0.78∗ (0.40) 12.41 0.14 0.07 -0.87∗∗ (0.41) 7.77 0.24 0.13 -0.79∗∗ (0.39) 7.18 0.22 0.14 
ted -12.09∗∗∗ (3.54) -0.36 (0.23) 2.58 0.14 0.24 -0.91∗∗ (0.43) 4.00 0.36 0.14 -0.98∗∗ (0.46) 4.03 0.40 0.13 
lib ois -4.66∗∗ (2.05) -1.06∗ (0.54) 15.91 0.14 0.05 -1.92∗ (1.03) 14.04 0.34 0.08 -1.96∗ (1.08) 13.36 0.37 0.09 
move -5.17∗∗ (1.95) -0.72∗∗ (0.33) 11.79 0.14 0.00 -1.37∗∗∗ (0.47) 7.70 0.35 0.02 -1.36∗∗∗ (0.48) 7.06 0.38 0.02 
vxo -4.31∗∗∗ (1.28) -1.42∗∗∗ (0.48) 26.99 0.14 0.00 -2.07∗∗∗ (0.61) 20.20 0.34 0.00 -2.08∗∗∗ (0.64) 18.91 0.37 0.00 
PANEL B: FMB ω = −1 ω = 20 ω = 50 
TXT λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
gepu -4.93∗∗ (1.96) -0.71∗∗ (0.32) 7.67 0.13 0.00 -1.52∗∗∗ (0.44) 7.51 0.36 0.00 -1.57∗∗∗ (0.46) 7.17 0.40 0.00 
gepu ppp -5.08∗∗ (1.97) -0.73∗∗ (0.33) 7.98 0.13 0.00 -1.57∗∗∗ (0.45) 7.91 0.36 0.00 -1.64∗∗∗ (0.46) 7.56 0.41 0.00 
epu all -4.90∗∗ (2.36) -0.29 (0.21) 4.04 0.10 0.02 -0.67∗ (0.36) 2.81 0.34 0.10 -0.68∗ (0.39) 2.32 0.38 0.16 
epu mp -7.41∗∗∗ (2.67) -0.20 (0.18) 3.57 0.08 0.03 -0.71∗∗ (0.34) 3.87 0.31 0.06 -0.77∗∗ (0.38) 3.62 0.35 0.07 
fsi tx -3.98∗ (2.32) -0.33 (0.22) 4.45 0.13 0.05 -0.71∗ (0.38) 2.68 0.36 0.17 -0.69∗ (0.41) 2.08 0.40 0.24 
emv ov -6.81∗∗∗ (2.39) -0.50∗ (0.27) 7.01 0.13 0.04 -1.17∗∗ (0.47) 6.87 0.36 0.05 -1.23∗∗ (0.51) 6.28 0.41 0.06 
emv mout -7.28∗∗∗ (2.45) -0.46∗ (0.27) 6.12 0.12 0.06 -1.13∗∗ (0.46) 6.53 0.36 0.05 -1.20∗∗ (0.49) 6.04 0.41 0.06 
emv mqnt -7.82∗∗∗ (2.68) -0.38 (0.25) 4.38 0.12 0.09 -0.97∗∗ (0.41) 4.83 0.36 0.06 -1.03∗∗ (0.43) 4.48 0.41 0.06 
emv inf -7.59∗∗∗ (2.79) -0.41∗ (0.22) 5.21 0.12 0.01 -0.98∗∗∗ (0.36) 5.00 0.36 0.02 -1.03∗∗ (0.40) 4.55 0.41 0.03 
emv com -6.34∗∗∗ (2.30) -0.53∗ (0.27) 7.47 0.13 0.02 -1.17∗∗ (0.46) 6.79 0.36 0.04 -1.22∗∗ (0.50) 6.11 0.41 0.05 
emv ir -9.18∗∗∗ (3.01) -0.36∗ (0.21) 4.11 0.12 0.05 -0.98∗∗ (0.45) 5.05 0.36 0.06 -1.06∗∗ (0.50) 4.82 0.41 0.07 
emv fx -4.90∗∗ (2.23) -0.31 (0.20) 3.49 0.11 0.02 -0.72∗∗ (0.30) 2.80 0.35 0.04 -0.74∗∗ (0.32) 2.44 0.40 0.06 
emv fp -8.40∗∗∗ (3.03) -0.37 (0.23) 4.06 0.12 0.10 -0.93∗∗ (0.41) 4.37 0.36 0.09 -0.98∗∗ (0.44) 4.05 0.41 0.09 
emv tx -7.42∗∗∗ (2.73) -0.40 (0.24) 4.69 0.12 0.09 -0.97∗∗ (0.44) 4.79 0.36 0.10 -1.02∗∗ (0.47) 4.38 0.41 0.11 
emv gov -15.56∗∗ (5.98) -0.13 (0.15) 0.92 0.09 0.30 -0.49∗ (0.29) 1.50 0.34 0.23 -0.55∗ (0.32) 1.52 0.38 0.23 
emv mp -7.06∗∗∗ (2.47) -0.50∗ (0.26) 6.36 0.13 0.02 -1.13∗∗∗ (0.38) 6.37 0.36 0.01 -1.19∗∗∗ (0.41) 5.86 0.40 0.02 
emv reg -8.14∗∗∗ (2.82) -0.38 (0.26) 4.82 0.12 0.11 -1.02∗ (0.52) 5.48 0.36 0.11 -1.09∗ (0.56) 5.13 0.40 0.12 
emv freg -9.09∗∗∗ (3.09) -0.40 (0.26) 3.99 0.13 0.22 -0.97∗ (0.52) 4.67 0.36 0.20 -1.04∗ (0.56) 4.44 0.41 0.21 
emv tp -5.92∗ (3.11) -0.34∗ (0.19) 3.32 0.13 0.01 -0.70∗∗ (0.31) 2.44 0.36 0.07 -0.71∗∗ (0.34) 2.09 0.41 0.11 
PANEL C: FMB ω = −1 ω = 20 ω = 50 
MAC λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
ipw/us(q) -7.33∗∗∗ (2.27) -0.10 (0.09) 0.43 0.13 0.42 -0.46∗∗ (0.21) 1.11 0.36 0.09 -0.54∗∗ (0.24) 1.20 0.41 0.07 
unew/us(y) -15.46∗∗∗ (5.02) -0.02 (0.11) 0.14 0.05 0.75 -0.28 (0.21) 0.44 0.35 0.38 -0.38∗ (0.23) 0.64 0.40 0.20 
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IV   Robustness Analysis 

In this section, we first repeat the analysis by including HML portfolios to the sample of test 
assets. We then present a number of additional robustness exercises. 
 

IV.1  Test-Asset Sample Including HML Portfolios 

It is ex-ante unclear if the inclusion of HML portfolios will weigh on the evidence uncovered  
so far.  On the one hand, one might conjecture that adding HML portfolios is redundant,  
because their information should be already spanned by the corner portfolios and hence  
incorporated in the baseline test assets.  On the other hand, the exercise is motivated as  
follows. First and foremost, the analysis of the R2s of Figure 3 revealed that some strategies,  
albeit deliver high average returns (e.g., output GAP), are little explained by the extracted  
factors. Second, LP show that the latent factors extracted using RP-PCA mostly load on  
the portfolios delivering higher absolute returns.  In fact, they also repeat the analysis for  
the HML portfolio only sample. This is not feasible in our case, as the cross section would  
only include nine test assets, due to the fewer number of currencies strategies relative to  
equities.  Thus, we simply add the nine HML portfolios to our sample of test assets (i.e.,  
N = 55). 

Optimal Currency SDF (ϕ(Fω  K)).Tobeginwith,weassessthestructureofthenewSDF,  
focusing on the main differences with the baseline evidence. Figure A4 presents the largest  
eigenvalues associated with the extracted latent factors for different RP-weights. We still find  
that the factors’ “signal strengths” increase with the weights (Panel A: Levels). However,  
the information now seems to be polarized in the first four factors using RP-PCA, and in  
the first three factors using PCA (Panel C: Ratios). In fact, in the case of RP-PCA, there is  
an evident discontinuity when moving from factor five to factor four; conversely, in the PCA  
case, the difference is between factors four and three (Panel B: Differences). Consistently,  
the GX statistical test selects a three factor SDF for PCA (ω = −1, 0), and a four factor  
SDF for RP-PCA (ω > 0).38 

Table A10 presents the fully-fledged analysis of the factors’ eigenvalues and statistics. We  
still observe that the first three factors’ “signal strengths” (i.e., the largest three normalized  
eigenvalues of ΣRP ) increase with the RP-weight, but now also that of F4 seems to follow  
the same qualitative pattern.  It is also evident that, for equal RP-weights, factors’ signal  
strengths are higher in the sample including HML portfolios. Notably, this holds with the  
exception of the largest eigenvalue, so that also the differences in “signal strength” between  
the first factor and the subsequent factors drop.  This pattern is mainly driven by the  
increase in the time-series strengths of the slope factors, and the concurrent drop of that of  
the level factor (ΣF 

PCA).ThisevidenceisconsistentwiththefactthatHMLportfoliosare  
not U.S. dollar-neutral strategies and, for this reason, slope factors become relevant for a  
larger number of test assets (i.e., become more “systematic”) than in the baseline sample. 

Moreover, for reasonably high RP-weights, we still observe that the first four pricing  
factors have positive and statistically significant means, whereas the remaining two factors 
- which are not selected by the statistical tests - are time-series factors.  Thus, the SDF 

38In line with the baseline sample, the test of Onatski (2010) selects two- and three-factor SDFs for PCA  
and RP-PCA, respectively, which is somewhat surprising in light of the eigenvalues’ behavior. Nevertheless,  
both tests select an additional factor for RP-PCA models, hence detecting an additional weak factor relative  
to PCA. 
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again consists only of factors with significant prices of risk.  The pricing factors’ “signal- 
strength” ordering equals that of their means (Rnk). Meanwhile, compared to the baseline,  
the factor mean returns are substantially higher, this is particularly evident for F2 and F3. 

Table A11 shows that the maximal SRs remain essentially unchanged relative to the 
baseline (Table 2). Even the individual factor contributions to the maximal SR (ΔSR) are 
rather stable in the two samples.39  This is because, in the HML sample, the factor variances 
increase more than the factor means.  And, as a result, the factor SDF-weights are lower in 
the HML sample than in the baseline, which compensates for the higher factor means. 
Moreover, we find that F4 has a positive risk premium, but its inclusion contributes little to 
the maximal SR. Thus, the optimal four-factor SDF yields a similar SR to the optimal 
three-factor SDF selected for the baseline sample. 

Moreover, Table A11 confirms that, in the data, there is essentially no trade-off in  
choosing higher RP-weights.  At the same time, the improvement in the model pricing  
accuracy is marginal when moving from ω = 20 to ω = 50, especially for the four-factor  
SDF. We therefore pick as before ω = 20.  In this way, we can also exclude that eventual  
differences in the latent-factor estimates across samples are due to the choice of the RP- 
weight. 

So far, the analysis seems to suggest that there is no evident benefit in adding HML 
portfolios to the sample of test assets (e.g., in terms of the SDF maximal Sharpe ratio). 
However, aside from the dimension of the SDF, there is some evidence that the statistical 
properties of the factors have changed.  It is therefore natural to ask if the information 
spanned by the factors has also changed?  And, more fundamentally, to what extent will 
this weigh on the estimates of the non-tradable factor risk premia? 

Factors Risk Exposures (ψ) and Interpretation. Figure A5 shows the HML port- 
folios’ risks exposures and explained variations by latent factor.  It is apparent that the 
latent factors, taken together but excluding the level factor, now explain substantially more of 
the GAP HML portfolio; in fact, the R2 more than doubles, reaching roughly 80 percent. We 
also appreciate a marked increase in the ST Mom’s R2, moving to even higher values 
(reaching around 95 percent). Hence, the latent factors seems to better capture the infor- 
mation of these highly profitable trading strategies. We also note significant increases of the 
LT Mom and Term R2s, while the drop in the Carry’s R2 is negligible. 

Turning to the individual factor interpretations,  F2  and  F3  still relate positively and  
strongly to the Carry and ST Mom HML portfolios, respectively.40 F4 is again a long Value,  
and short LT Mom, factor.  Hence, these pricing factors still retain the interpretation of  
“Carry”, “Momentum”, and “Value”. Taken together, they seem to explain a larger fraction  
of the GAP HML portfolio.  However, the substantial increase in the GAP’s R2  is due to  
factors F5 and, to a lower extent, F6, to which GAP is positively exposed. These two factors  
also explain a significant share of ST Mom and Term R2s, showing a tight link between  
these three strategies. However, ST Mom is negatively exposed to both factors. Therefore,  
by including HML portfolios, we uncover two novel “common” factors between ST Mom and 

39Note that the PCA case is only apparently somewhat different.  In fact, in the baseline sample, by 
adding the fourth factor the maximal SR remains unchanged at 0.26, while it increases from 0.26 to 0.39 in 
the HML sample.  However, the reason is that, by including the HML portfolios, the time-series factor F4 
become F5; and, conversely, the old F4 becomes F5 in the HML sample. But these effects have little 
relevance as both factors are excluded from the optimal SDF. 

40The HML factors exposures are lower in absolute terms than in the baseline sample. This is likely due to 
the higher factor means in the HML sample. Also note that the risk exposures of HML factors are directly 
estimated in Figure A5, while they were derived from the corner portfolios in Figure 3. 
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GAP strategies, which differently from  F2  move the two strategies in opposite directions. 
Nevertheless, these two factors are time-series factors and hence do not enter the currency 
SDF. Conversely, and more fundamentally, the relevant four pricing factors seem to retain 
the same interpretation of the baseline sample. 

Non-tradable Factor Risk Premia (λg ). Table A12 presents the η-exposure estimates 
based on the HML sample. Notably, the exposures associated with the pricing factors are 
qualitatively consistent with the baseline-sample estimates. Some financial and text-based 
factors, however, display more precise η3 estimates, which - as in the baseline sample - take 
opposite sign of the η2  estimates. This is likely to result in lower risk-premium estimates. But 
the magnitudes of the η-exposures are hardly comparable as such, due to the different 
statistical properties of the underlying latent factors.41 

We therefore turn to the risk-premium estimates (Table A13).  Based on ϕ(F1−3), we find 
the same set of significant financial factors as in the baseline, on the backdrop of largely stable 
point estimates.42  Most of these factors remain significant also using ϕ(F1−4), with few 
exceptions (e.g., some liquidity measures), but we observe essentially the same when moving to 
the four-factor SDF using the baseline sample. This suggests that, for the estimates of the 
financial factors’ risk premia, the dimension of the SDF seems to matter relatively more than 
the inclusion of HML portfolios in the set of test assets. Notably, the factor SRs and the 
weak-factor test evidence are strongly robust. 

The risk-premium estimates of the text-based factor show a similar behavior, albeit  
some of the EMV sub-indices are no longer significant using ϕ(F1−4).  The Global EPU  
risk premium drops slightly in the HML sample (due to the larger and more precise η3  
estimates), but it is still significant at the five percent. Moreover, also for these factors, the  
SRs are rather stable. Consistently, also the macro factor risk premia do not display major  
differences.  The two samples seem to identify the same factors, with the only exception  
of quarterly U.S. Non-Farm Payrolls that is strongly and positively related to the “Dollar”  
factor in both samples, but its risk premium is weakly significant only in the HML sample.  
Unemployment risk premia seem to be more precisely estimated in the baseline sample. 

Summing up, by including HML portfolios in the sample of test assets, the non-tradable  
factor risk-premium estimates do not present substantial differences. This is because what  
changes is mainly the information spanned by factors that are not relevant for pricing (i.e.,  
F5 and F6). Conversely, the key pricing factors retain the same interpretation of “Dollar”,  
“Carry”, and “Momentum” factors.  The main difference seems to concern the drop in  
the significance of some of the risk-premium estimates associated with the addition of the  
“Value” factor to the SDF. In fact, the price of risk of the “Value” factor is low in comparison  
with the other pricing factors.  At the same time, only few non-tradable factors display  
significant η4 exposures. This in turn can increase the noise around the λg  estimates, while  
the point estimates are rather stable. 
 
 
 

41Moreover, consistent with the changed interpretation of the time-series factors, the main differences 
seem to pertain to the exposures to these factors (e.g., η5 and η6). As such, they cannot affect directly the 
non-tradable factor risk-premium estimates. 

42Note that, in comparison with the baseline sample, the FMB method delivers a smaller number of  
factors with significant risk premia. Thus, the FMB estimates appear less stable than the GX ones to the  
choice of the type of test assets. A plausible explanation is that the omitted-variable problem becomes more  
relevant, as the addition of the dollar-neutral portfolios requires the inclusion of other slope, dollar-neutral  
control factors. 
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Table A10: Latent Factor Signal Strengths: Sample Including HML Portfolios 

The table presents latent factors’ statistics and signal strengths. The factors are estimated using  
the RP-PCA method.  Specifically, they are the eigenvectors associated with the K = 6 largest  
eigenvalues of the matrix ΣRP =1

TX⊤X+ωX⊤ X,whereXistheT×Nmatrixofcurrency  
portfolio excess returns, and ω is the RP-weight. In Panel A: Eigenvalues, A.I Plain, we present  
the K largest eigenvalues (λK ) associated with matrices, ΣF

PCA =ψΣ
Fψ⊤ andΣ

RP =ψ(Σ
F +(1+ 

ω)µ⊤F µF )ψ⊤,whereψandΣ
F  aretheloadings(orbetas)andtheannualizedK-factorvariance  

matrix, respectively; we also report the K largest eigenvalues of the annualized ΣRP  matrix.  In  
 ∑N 
A.II Normalized, eigenvectors are normalized by a constant,  σ2

ϵ  = 1
N  n=1 σϵ,n,whereσ

ϵ,n  is  
the annualized variance of the n-th portfolio’s residual (i.e., the idiosyncratic variance), obtained  
by estimating Xnt  = αn Ftψ⊤

n +ϵ
nt,where Ft  collects the six latent factors; the normalized  

eigenvalues are more directly related to the signal-to-noise ratio.  In A.III Difference, we present  
the difference of consecutive normalized eigenvalues. In Panel B: Factors, B.I Statistics, we report  
orthogonalized factor Sharpe ratios (SR), the rank of the factor means (Rnk), and factor means  
(µF ) annualized. Factor means are starred with∗∗∗,∗∗,∗ denoting significance at the 1-, 5- and 10- 
percent levels, respectively, based on Newey-West standard errors with optimal lag-length selection.  
We carry out the analysis using RP-PCA with selected RP-weights. RP-PCA with ω = −1, and 
0 corresponds to standard PCA applied to the covariance and correlation matrices, respectively. 
With ω > 0, RP-PCA “overweights” the factor means.  The test assets consist of the plain and 
HML portfolios from the nine investment strategies (N = 55), for the period 11/1983-12/2017 at 
monthly frequency (T = 410). 

Panel A: Eigenvalues Panel B: Factors 
A.I Plain A.II Normalized A.III Difference B.I Statistics 

ω = −1 ΣF PCAΣF RP ΣRP ΣF PCAΣF RP ΣRP ΣF PCAΣF RP ΣRP SR Rnk µF 
λ1 3.26 3.26 3.25 4.55 4.55 4.53 3.96 3.96 3.94 F1 0.10 1 0.17∗ 
λ2 0.42 0.42 0.42 0.59 0.59 0.59 0.29 0.29 0.29 F2 0.12 4 0.08∗∗ 
λ3 0.21 0.21 0.21 0.30 0.30 0.30 0.10 0.10 0.10 F3 0.21 3 0.10∗∗∗ 
λ4 0.15 0.15 0.14 0.20 0.20 0.20 0.04 0.04 0.04 F4 0.29 2 0.11∗∗∗ 
λ5 0.12 0.12 0.12 0.16 0.16 0.16 0.02 0.02 0.02 F5 0.03 6 0.01 
λ6 0.10 0.10 0.10 0.14 0.14 0.14 - - - F6 0.14 5 0.04∗∗∗ 

ω=5 ΣFPCA ΣFRP ΣRP ΣFPCA ΣFRP ΣRP ΣFPCA ΣFRP ΣRP SR Rnk µF 
λ1 3.26 3.45 3.44 4.53 4.80 4.78 3.94 4.12 4.10 F1 0.10 1 0.18∗ 
λ2 0.42 0.49 0.49 0.59 0.68 0.68 0.29 0.26 0.26 F2 0.22 3 0.14∗∗∗ 
λ3 0.21 0.30 0.30 0.29 0.42 0.41 0.10 0.17 0.17 F3 0.33 2 0.15∗∗∗ 
λ4 0.14 0.18 0.18 0.20 0.24 0.24 0.03 0.08 0.08 F4 0.18 4 0.07∗∗∗ 
λ5 0.12 0.12 0.12 0.16 0.16 0.16 0.03 0.02 0.02 F5 0.02 6 0.01 
λ6 0.10 0.11 0.10 0.14 0.15 0.15 - - - F6 0.10 5 0.03∗ 

ω = 10 ΣF ΣF ΣRP ΣF ΣF ΣRP ΣF ΣF ΣRP SR Rnk µF 
PCA RP PCA RP PCA RP 

λ1 3.26 3.63 3.62 4.53 5.04 5.02 3.94 4.22 4.20 F1 0.11 1 0.19∗∗ 
λ2 0.42 0.59 0.59 0.59 0.82 0.82 0.29 0.35 0.35 F2 0.30 2 0.17∗∗∗ 
λ3 0.21 0.34 0.34 0.29 0.47 0.47 0.10 0.22 0.22 F3 0.29 3 0.14∗∗∗ 
λ4 0.14 0.18 0.18 0.19 0.25 0.25 0.03 0.09 0.09 F4 0.15 4 0.06∗∗∗ 
λ5 0.12 0.12 0.12 0.16 0.16 0.16 0.03 0.02 0.02 F5 0.02 6 0.01 
λ6 0.10 0.11 0.11 0.14 0.15 0.15 - - - F6 0.09 5 0.03∗ 

ω = 20 ΣFPCA ΣFRP ΣRP ΣFPCA ΣFRP ΣRP ΣFPCA ΣFRP ΣRP SR Rnk µF 
λ1 3.26 4.04 4.02 4.52 5.60 5.58 3.93 4.48 4.47 F1 0.12 1 0.21∗∗ 
λ2 0.42 0.81 0.80 0.59 1.12 1.11 0.29 0.62 0.62 F2 0.36 2 0.18∗∗∗ 
λ3 0.21 0.36 0.36 0.29 0.50 0.50 0.10 0.25 0.24 F3 0.24 3 0.13∗∗∗ 
λ4 0.14 0.18 0.18 0.19 0.25 0.25 0.03 0.09 0.09 F4 0.14 4 0.06∗∗∗ 
λ5 0.12 0.12 0.12 0.16 0.16 0.16 0.03 0.02 0.02 F5 0.02 6 0.01 
λ6 0.10 0.11 0.11 0.14 0.15 0.15 - - - F6 0.09 5 0.03∗ 
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Table A11: Latent Factor Pricing Diagnostics: Sample Including HML Portfolios 

The table presents model diagnostics of the first two steps of the asset-pricing procedure of Giglio  
and Xiu (2020) applied to currency portfolios excess returns, where the pricing factors are latent and  
are estimated using the RP-PCA method of Lettau and Pelger (2020a,b). We report diagnostics for  
RP-PCA implemented without “overweight” on the means (ω = −1), i.e., standard PCA, and with  
increasing values of the RP-weight (ω = 10, 20 and 50). We consider stochastic discount factors,  
ϕ(F1−k), including an increasing number of latent factors, k = 1, 2, . . . , 6. Tab A.I First pass, Panel 

∑N 
A: Two-pass Statistics, shows the average idiosyncratic variance, σ2ϵ =1 N n=1 [Var(ϵ

n)/Var(X
n)], 

√ 
and the average root-mean-square pricing errors, RM Sα  =  αα⊤/N, obtained by estimating 
Xnt = αn  Ftψ⊤

n +ϵ
nt,forn=1...,Ntestassets.TabA.IISecondpasspresentstheR-squared  

values (R2(%)), and the mean absolute errors (MAE) of the cross-sectional regression, Xn  =  
ψnγ⊤ + an, for n = 1,...,N, where γ is the 1 × K vector of latent factors’ prices of risk. Tab B.I  
Components, Panel B: Sharpe Ratios, presents the maximal Sharpe ratio (SR) from the tangency  
portfolio of the mean-variance frontier spanned by the linear combination of the K selected latent  
factors, F×b⊤

MV , where bMV is a 1 × K vector with entries bMV,k = µF,k/σF,k, with µF,i and σF,k  
denoting the k-th factor’s mean and variance. ThebMV,k entry represents the k-th factor’s weight  
in the SDF, ϕt = 1 − Ft − µF )b⊤MV.ThetestassetsconsistoftheplainandHMLportfoliosfrom  
the nine investment strategies (N = 55), for the period 11/1983-12/2017 at monthly frequency 
(T = 410). 

Panel A: Two-pass Statistics A.I 
First pass  A.II Second pass 

ω = −1  σ2ϵ  RMSα  R2(%)  M AE 
ϕ(F1)  34.56  2.52  13.70  1.87 
ϕ(F1−2)  26.06  2.30  17.11  1.58 
ϕ(F1−3)  21.77  1.87  35.31  1.29 
ϕ(F1−4)  18.86  1.13  67.89  0.90 
ϕ(F1−5)  16.49  1.13  68.21  0.88 
ϕ(F1−6)  14.46  0.96  75.71  0.73 
ω = 10  σ2

ϵ  RMSα  R2(%)  M AE 
ϕ(F1)  34.61  2.52  1.87  1.67 
ϕ(F1−2)  27.15  2.06  73.98  0.69 
ϕ(F1−3)  22.30  1.15  96.03  0.28 
ϕ(F1−4)  18.96  0.85  98.20  0.20 
ϕ(F1−5)  16.59  0.84  98.21  0.20 
ϕ(F1−6)  14.53  0.76  98.61  0.17 
ω = 20  σ2  RMSα  R2(%)  M AE 

Panel B: Sharpe Ratios  
 B.I Components 

SR  ΔSR  bM V,i  µF,i 
F1  0.10  0.10  0.05  17.32 
F2  0.15  0.06  0.18  7.66 
F3  0.26  0.11  0.46  9.89 
F4  0.39  0.13  0.76  11.03 
F5  0.39  0.00  0.08  0.93 
F6  0.42  0.02  0.43  4.38 

SR  ΔSR  bM V,i  µF,i 
F1  0.11  0.11  0.06  19.37 
F2  0.32  0.21  0.53  16.79 
F3  0.43  0.11  0.60  14.10 
F4  0.46  0.03  0.38  6.30 
F5  0.46  0.00  0.05  0.58 
F6  0.47  0.01  0.29  2.95 

SR  ΔSR  µF,i 
ϵ bM V,i 

ϕ(F1) 34.74 2.54 2.15 1.49 F1 0.12 0.12 0.07 20.91 
ϕ(F1−2) 28.02 1.89 93.66 0.34 F2 0.37 0.26 0.69 18.26 
ϕ(F1−3) 22.40 1.07 98.81 0.16 F3 0.45 0.07 0.46 12.63 
ϕ(F1−4) 18.98 0.82 99.40 0.11 F4 0.47 0.02 0.33 5.58 
ϕ(F1−5) 16.62 0.82 99.41 0.11 F5 0.47 0.00 0.05 0.55 
ϕ(F1−6) 14.54 0.75 99.54 0.10 F6 0.47 0.01 0.27 2.81 
ω = 50 σ2ϵ RMSα R2(%) M AE SR ΔSR bM V,i µF,i 
ϕ(F1) 35.33 2.67 59.73 1.03 F1 0.14 0.14 0.09 23.55 
ϕ(F1−2) 28.65 1.72 99.12 0.13 F2 0.41 0.26 0.74 19.60 
ϕ(F1−3) 22.47 1.02 99.79 0.07 F3 0.45 0.05 0.37 11.14 
ϕ(F1−4) 19.00 0.80 99.89 0.05 F4 0.47 0.02 0.30 5.10 
ϕ(F1−5) 16.63 0.80 99.89 0.05 F5 0.47 0.00 0.05 0.54 
ϕ(F1−6) 14.55 0.73 99.91 0.04 F6 0.48 0.01 0.26 2.71 
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Table A12:  Exposures of Candidate Factors to Latent Factors:  Sample Including HML  
Portfolios 

The table presents the non-tradable candidate factors’ exposures to the latent factors (ηFk ) and the 
explained variations (R2

F1−k ) obtained from the spanning regression of Eq. (14), for SDFs including 
an increasing number of factors, k = 1, . . . , K. We report the candidate factor exposures to the first six 
extracted, orthogonalized latent factors (i.e., K = 6).  The factors are extracted by applying 
RP-PCA with baseline weight (i.e., ω = 20) to the plain and HML portfolios obtained from the nine 
investment strategies. Panels A, B, and C show the estimates for the financial, text-based, and macro 
factors, respectively. We present the estimates only for the candidate factors with significant risk 
premia (λg ) according to the optimal SDF, ϕ(F1−4). When a factor is significant for multiple 
frequencies, we present the most representative.∗∗∗,∗∗,∗ denote significance, respectively, at the 1-, 5- and 
10-percent levels, based on Newey-West standard errors. 

 
PANEL A: Financial Factors 

A.I: Risk Exposures A.II: Explained Variation 
ηF1 ηF2 ηF3 ηF4 ηF5 ηF6 R2 F1 R2F1−2 R2F1−3 R2F1−4 R2F1−5 R2 F1−6 

otic 0.80∗∗ 3.40∗∗∗ -0.84 -0.47 3.99∗∗ -0.63 1.36 3.48 3.61 3.64 4.94 4.97 
icap 0.79∗∗ 5.36∗∗∗ -4.42∗∗∗ 3.45∗∗ -0.41 -6.41∗∗∗ 1.36 6.63 10.35 11.75 11.76 14.70 
gfc 3.27∗∗∗ 6.13∗∗∗ -5.13∗∗∗ 0.12 0.45 -7.44∗∗∗ 23.11 29.99 34.98 34.98 35.00 38.95 
gvol -1.17∗∗ -5.80∗∗∗ 2.80∗ 4.18∗∗ -4.11∗∗ 4.69∗∗ 2.98 9.15 10.63 12.68 14.06 15.63 
psliq 0.10 5.12∗∗ -0.71 -0.01 -2.14 -3.13 0.02 4.83 4.93 4.93 5.30 6.00 
ted -0.53 -4.39∗ 0.05 0.18 -0.38 -0.63 0.60 3.98 3.98 3.99 4.00 4.03 
lib ois -1.94∗∗ -8.69∗ 1.48 2.64 0.73 -8.38 7.06 16.48 17.68 17.81 17.84 19.98 
move -1.11∗∗∗ -6.13∗∗∗ 5.68∗∗∗ -0.62 -1.71 -0.74 3.05 7.23 11.80 11.84 12.07 12.11 
vxo -1.86∗∗∗ -8.97∗∗∗ 6.50∗∗∗ -0.81 -1.45 6.43∗∗∗ 7.35 18.42 25.23 25.28 25.42 28.19 

PANEL B: Text-Based Factors 
B.I: Risk Exposures B.II: Explained Variation 

ηF1 ηF2 ηF3 ηF4 ηF5 ηF6 R2 F1 R2F1−2 R2F1−3 R2F1−4 R2F1−5 R2 F1−6 
gepu 0.16 -6.14∗∗∗ 3.72∗∗ 0.78 -0.67 9.01∗∗ 1.33 5.67 6.49 6.85 6.89 10.01 
gepu ppp 0.24 -6.64∗∗∗ 3.88∗∗ 0.61 -0.32 8.67∗∗ 1.10 6.07 6.99 7.27 7.35 10.24 
emv ov -0.58 -5.60∗∗ 2.35 0.69 0.37 2.49 0.63 6.06 7.11 7.16 7.17 7.62 
emv mout -0.47 -5.71∗∗ 1.99 1.54 1.19 2.14 0.41 6.01 6.75 7.02 7.14 7.47 
emv fc -0.79 -3.68∗ 2.32 1.98 -0.50 0.89 1.22 3.46 4.42 4.87 4.89 4.95 
emv mp -0.68 -5.43∗∗∗ 2.28 1.83 0.99 1.63 0.89 5.89 6.84 7.22 7.30 7.49 

PANEL C: Macro Factors 
C.I: Risk Exposures C.II: Explained Variation 

ηF1 ηF2 ηF3 ηF4 ηF5 ηF6 R2 F1 R2F1−2 R2F1−3 R2F1−4 R2F1−5 R2 F1−6 
nfpyr(q) 0.80∗∗ 0.98 0.06 1.15 0.75 -3.44 1.38 1.56 1.56 1.71 1.76 2.60 
cus(y) -0.72∗ -1.17 -0.64 -0.56 1.59 0.46 1.11 1.36 1.44 1.47 1.68 1.69 
ipw(q) 0.21 -2.10∗ -1.60 -0.08 -1.83 -0.48 0.10 0.90 1.39 1.39 1.67 1.68 
ipw/us(q) -0.19 -2.81∗∗ -1.45 -0.26 -1.84 1.00 0.08 1.52 1.92 1.93 2.21 2.28 
cpiw(ey) 0.03 -1.02 -2.69∗∗∗ -0.37 -1.54 -3.74∗∗ 0.00 0.19 1.57 1.58 1.78 2.77 
unew/us(y) -0.26 -1.22 -1.99∗ -1.19 1.18 0.31 0.15 0.42 1.18 1.35 1.46 1.47 
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Table A13: Risk Premia of Candidate Factors Including HML Test Assets 

The table presents the risk-premium estimates for each candidate non-tradable risk factor (gt).  
Panel FMB presents the risk-premium point estimates (λg ) and Shanken standard errors (se) from  
the standard two-pass procedure, including the constant and the candidate factor. The remaining  
panels report the estimates from the (augmented) three-pass procedure of GX for SDFs of different  
dimensions.  That is, ϕ(F1−k) denotes the SDF including up to the k-th latent factor, whereby  
the factors are extracted from the panel of currency portfolio returns using the RP-PCA method  
with baseline RP-weight (i.e., ω = 20). The risk-premium estimates (λg ) are reported along with  
the Newey-West standard errors (se), computed following Giglio and Xiu (2020);∗∗∗,∗∗,∗  denote  
significance, respectively, at the 1-, 5- and 10-percent levels. As for the three-pass method, for each  
factor and a given SDF, we also report the spanning R2s (R2) resulting from projecting the factor  
onto the k latent factors entering the SDF; the Sharpe ratios (SR) associated with the projected  
factor, i.e., the return-based counterpart to the original non-tradable factor; and, the p-value (pval)  
of the test of GX that factor gt is weak. In Panels A, B and C, we present financial (FIN), text- 
based (TXT), and macro (MAC) candidate g factors that have significant risk-premium estimates  
according to at least one of the SDF reported.  When a macro factor is significant for multiple  
frequencies, we present the most representative.  Factors are expressed as innovations, using the  
residuals from AR(1) processes, and are then standardized. The test assets consist of the plain and  
HML portfolios from the nine investment strategies (N = 55). The sample period varies with the  
factor at hand, according to data availability over the 11/1983-12/2017 period. See non-tradable  
factor descriptions in Tables A5-A7, in the Internet Appendix. 

 
PANEL A: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
FIN λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
otic 1.63 (2.60) 0.79∗∗∗ (0.28) 3.48 0.35 0.00 0.68∗∗ (0.31) 3.61 0.30 0.00 0.66∗∗ (0.32) 3.64 0.29 0.01 
icap 1.17 (1.59) 1.14∗∗∗ (0.34) 6.63 0.37 0.00 0.59 (0.41) 10.35 0.15 0.00 0.78∗ (0.43) 11.75 0.19 0.00 
noise -0.52 (1.37) -1.33∗∗∗ (0.41) 10.11 0.32 0.00 -0.86∗∗ (0.37) 15.75 0.10 0.01 -0.51 (0.50) 19.37 0.03 0.01 
sliq 0.67 (1.49) -1.26∗∗∗ (0.39) 9.72 0.31 0.00 -0.84∗∗ (0.41) 13.54 0.14 0.01 -0.42 (0.51) 18.48 0.06 0.00 
gfc -0.86 (1.11) 1.80∗∗∗ (0.47) 29.99 0.27 0.00 1.15∗∗ (0.55) 34.98 0.16 0.00 1.16∗ (0.58) 34.98 0.16 0.00 
gliq 0.90 (3.46) -0.40∗ (0.20) 0.92 0.34 0.06 -0.12 (0.22) 1.80 0.08 0.01 -0.13 (0.24) 1.80 0.08 0.03 
gvol -1.22 (1.55) -1.31∗∗∗ (0.32) 9.15 0.36 0.00 -0.95∗∗∗ (0.31) 10.63 0.24 0.00 -0.72∗∗ (0.36) 12.68 0.17 0.00 
psliq 6.12∗ (3.09) 0.96∗∗ (0.39) 4.83 0.36 0.05 0.87∗ (0.45) 4.93 0.33 0.06 0.87∗ (0.48) 4.93 0.32 0.11 
corp 1.90 (1.72) -0.82∗∗ (0.38) 7.41 0.22 0.13 -0.19 (0.32) 14.48 0.01 0.11 -0.06 (0.38) 15.16 0.04 0.05 
ted -11.40∗∗ (4.28) -0.95∗∗ (0.47) 4.01 0.37 0.17 -0.97∗∗ (0.45) 4.02 0.38 0.24 -0.96∗∗ (0.43) 4.02 0.38 0.35 
lib ois -2.43 (2.51) -1.97∗ (1.08) 15.17 0.35 0.07 -1.64∗ (0.85) 16.52 0.27 0.09 -1.67∗ (0.94) 16.54 0.27 0.08 
move -1.23 (1.95) -1.29∗∗ (0.50) 6.93 0.35 0.03 -0.79∗ (0.41) 11.83 0.12 0.00 -0.76∗ (0.41) 11.86 0.11 0.00 
vxo -1.89 (1.28) -2.02∗∗∗ (0.64) 18.92 0.35 0.00 -1.51∗∗ (0.69) 25.39 0.16 0.00 -1.46∗∗ (0.73) 25.46 0.16 0.00 
PANEL B: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
TXT λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
gepu -2.18 (1.96) -1.37∗∗∗ (0.42) 6.37 0.37 0.00 -1.11∗∗ (0.44) 7.11 0.27 0.00 -0.97∗∗ (0.47) 7.55 0.23 0.00 
gepu ppp -2.55 (1.95) -1.44∗∗∗ (0.42) 6.75 0.37 0.00 -1.16∗∗ (0.45) 7.56 0.27 0.00 -1.04∗∗ (0.48) 7.91 0.24 0.00 
epu all -3.29 (2.67) -0.65∗ (0.38) 2.31 0.35 0.17 -0.35 (0.42) 3.51 0.13 0.04 -0.22 (0.44) 4.15 0.07 0.01 
epu mp -4.76 (2.92) -0.72∗ (0.36) 3.55 0.32 0.08 -0.58 (0.43) 3.83 0.24 0.04 -0.43 (0.45) 4.59 0.16 0.00 
epu tr -5.07 (3.37) -0.49∗ (0.29) 1.21 0.34 0.19 -0.63∗ (0.36) 1.50 0.41 0.32 -0.60 (0.38) 1.54 0.38 0.35 
emv ov -4.54∗ (2.64) -1.18∗∗ (0.49) 6.25 0.37 0.07 -0.92∗ (0.50) 7.16 0.26 0.08 -0.87∗ (0.51) 7.26 0.24 0.14 
emv mout -4.94∗ (2.72) -1.16∗∗ (0.48) 6.18 0.37 0.06 -0.95∗∗ (0.46) 6.77 0.28 0.10 -0.86∗ (0.48) 7.10 0.24 0.17 
emv mqnt -5.44∗ (2.97) -1.00∗∗ (0.42) 4.63 0.37 0.06 -0.84∗∗ (0.42) 4.97 0.29 0.13 -0.75 (0.45) 5.27 0.25 0.20 
emv inf -5.17 (3.09) -1.01∗∗ (0.38) 4.77 0.37 0.02 -0.77∗ (0.43) 5.60 0.24 0.01 -0.76 (0.46) 5.60 0.24 0.02 
emv com -3.92 (2.48) -1.19∗∗ (0.48) 6.38 0.37 0.05 -0.89∗ (0.51) 7.67 0.24 0.04 -0.85 (0.54) 7.71 0.22 0.06 
emv ir -6.93∗ (3.49) -1.03∗∗ (0.48) 4.92 0.37 0.08 -0.92 (0.56) 5.08 0.32 0.06 -0.88 (0.60) 5.13 0.31 0.09 
emv fc -2.45 (2.61) -0.86 (0.56) 3.54 0.35 0.22 -0.62∗ (0.35) 4.38 0.21 0.37 -0.50∗ (0.30) 4.92 0.15 0.54 
emv fx -3.26 (2.48) -0.68∗∗ (0.31) 2.18 0.37 0.08 -0.35 (0.31) 3.65 0.12 0.01 -0.40 (0.31) 3.77 0.14 0.02 
emv fp -6.12∗ (3.40) -0.93∗∗ (0.43) 3.96 0.37 0.11 -0.78∗ (0.44) 4.28 0.29 0.18 -0.75 (0.47) 4.32 0.27 0.29 
emv tx -5.27∗ (3.05) -0.97∗∗ (0.46) 4.24 0.37 0.13 -0.79∗ (0.47) 4.64 0.28 0.20 -0.71 (0.50) 4.87 0.24 0.31 
emv mp -4.28 (2.58) -1.16∗∗∗ (0.40) 6.08 0.37 0.02 -0.93∗∗ (0.37) 6.83 0.27 0.04 -0.82∗∗ (0.38) 7.27 0.22 0.07 
emv reg -5.67∗ (3.21) -1.04∗ (0.56) 5.16 0.37 0.14 -0.87∗ (0.50) 5.54 0.29 0.22 -0.78 (0.50) 5.84 0.25 0.27 
emv freg -6.88∗ (3.48) -0.99∗ (0.56) 4.40 0.37 0.24 -0.88∗ (0.51) 4.58 0.32 0.41 -0.81 (0.51) 4.75 0.28 0.50 
emv tp -3.21 (3.38) -0.68∗∗ (0.33) 2.08 0.37 0.11 -0.42 (0.39) 3.00 0.17 0.03 -0.44 (0.41) 3.02 0.18 0.06 
PANEL C: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
MAC λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
nfpyr(q) -4.07 (4.38) 0.35∗ (0.20) 1.56 0.23 0.06 0.35 (0.23) 1.56 0.24 0.10 0.42∗ (0.24) 1.71 0.27 0.09 
cus(y) 0.58 (4.87) -0.36 (0.28) 1.36 0.26 0.15 -0.44 (0.29) 1.44 0.31 0.22 -0.48∗ (0.28) 1.47 0.33 0.35 
ipw(q) -8.51∗ (4.38) -0.34 (0.23) 0.90 0.30 0.20 -0.54∗∗ (0.24) 1.39 0.38 0.10 -0.55∗∗ (0.26) 1.39 0.39 0.17 
ipw/us(q) -8.77∗∗ (3.84) -0.55∗∗ (0.23) 1.52 0.37 0.04 -0.74∗∗∗ (0.27) 1.92 0.44 0.04 -0.75∗∗ (0.29) 1.93 0.45 0.08 
unew/us(y) -15.84∗∗ (6.34) -0.28 (0.22) 0.42 0.36 0.39 -0.53∗∗ (0.24) 1.18 0.41 0.12 -0.59∗∗ (0.26) 1.35 0.43 0.16 
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Figure A4: Largest Normalized Eigenvalues: Sample Including HML Portfolios 
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The figure shows the largest normalized eigenvalues of the matrix ΣRP  =1

TX⊤X+ωX⊤ X,for  
different values of the RP-weight (ω). The T × N matrix X collects currency portfolio and HML  
factor excess returns from the nine investment strategies.  The eigenvalues are normalized by  
the average idiosyncratic variance, and hence are informative about factors’ “signal strengths”. 

∑N 
Specifically, σ2

ϵ  =1
N  n=1 σϵ,n,whereσ

ϵ,n arethevariancesoftheresidualsobtainedbyestimating 

N time-series regressions, Xnt = αn Ftψ⊤
n +ϵ

nt,n=1...,Ntestassets,t=1...,Tmonths,where Ft 
stacks the latent factors associated with the largest six eigenvalues of matrix ΣRP , and thus vary with 
the RP-weight.  Panel A, Levels, reports the normalized eigenvalues,λk(ω) = λk(ω)/σ(ω)2

e. Panel 
B, Differences, presents the difference of consecutive normalized eigenvalues,λk(ω)−λ(ω)k+1, for k = 
2, . . . , 5. Panel C, Ratios, shows the eigenvalues scaled by the corresponding PCA (ω = −1) 
eigenvalues,λ(ω)k/λ(ω = −1)k. In the legend, we present the number of optimal factors suggested by 
the Onatsky (2010), O(#), and Giglio and Xiu (2018), GX(#), tests for the selected RP-weight. The 
GX test is implemented with overfitting penalty value, 0.5. 
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Figure A5:  HML Portfolios Risk Exposures to Latent Factors:  Sample Including HML  
Portfolios 
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The figure shows HML portfolios’ loadings on the six estimated latent factors (Risk Exposures;  
left chart) and the associated R2s obtained by regressing the HML portfolio returns on the latent  
factors (Explained Variation; right chart).  Latent factors and portfolios’ loadings on the factors  
are estimated jointly from the panel of currency portfolios excess returns by means of the RP-PCA  
with baseline penalty value, i.e., ω = 20. Note that, for ω>0, the RP-PCA loadings differ from the  
betas (ψn) obtained by regressing portfolios excess returns (Xnt) on the estimated K = 6 latent  
factors Ft), Xnt = αn Ftψ⊤

n +ϵ
nt,n=1,...,N.Infact,theRP-PCAloadingsaretheregression  

coefficients using transformed data, that is, by incorporating the cross-sectional error Lettau and  
Pelger, 2020a,b. Specifically, define ωnt = √ω + 1 − 1,Xnt = Xnt + ωXnt an Fkt Fkt + Fkt.  
Then, for any value of ω, RP-PCA loadings are given by the coefficients ψn) from the time- 
series regressions, Xnt = Ftψ⊤n +ϵ

nt,n=1,...,N.Thetestassets’sampleconsistsofthesimple  
and HML portfolios associated with the nine investment strategies (N = 55).  For a given HML  
portfolio, we decompose the overall R2s into each factor’s contribution (the numbers above the bars  
refer to F1t’s contributions). The sample spans the 11/1983-12/2017 period at monthly frequency. 
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IV.2 Additional Robustness Analysis 

So far we showed the robustness of the results along several important dimensions, regarding 
the choice of the RP-weight and the inclusion of HML portfolios in the sample of test assets. 
However, we subject the analysis to a number of additional checks that we briefly illustrate 
next, before turning to the short-sample evidence. 

Full-Sample Period (1983-2017).  To start with, we include time-series portfolios, i.e.,  
strategies that are either long or short U.S. dollars, for the nine investment strategies con- 
sidered (subject to data availability).  These time-series portfolios are used either in place  
of, or in addition to the HML portfolios, finding little differences in the estimates. In com- 
parison, the inclusion of cross-sectional HML portfolios seems to be relatively more relevant,  
as the impact of time-series portfolios on the currency SDF is minimal. We also construct  
cross-sectional and time-series portfolios using currency ranked-based weighting, which are  
becoming increasingly popular in the literature (e.g., Asness et al., 2013), instead of equal  
weights.  We exclude GAP portfolios from the test assets (given that are not available for  
the full sample and thus could affect the latent factor estimates) again documenting small  
differences in the core findings. Turning to the candidate factors, we compute innovations  
of persistent factors by taking their first differences instead of using AR(1) residuals, doc- 
umenting no evident changes in their risk-premium estimates. As explained before, macro  
factors are measured at multiple frequencies, using either simple or exponential growth rates.  
Here, we add that we also consider growth rates instead of their AR(1) innovations and still  
find a disconnect with currency returns. 

Short-Sample Period (1998-2013).  As explained in Section 4.2, we intentionally omit  
from the baseline analysis those investment strategies for which the portfolios are not avail- 
able for great part of the sample period. In particular, the analysis does not cover option- 
based currency strategies, given that (liquid) currency-option data are available only from  
the late 1990s.  However, these strategies are of particular interest as currency option im- 
plied volatilities appear to contain valuable information to predict currency returns (e.g.,  
Della Corte et al., 2011; Della Corte et al., 2016a; Della Corte et al., 2020). We therefore  
include in the test-asset sample the five currency volatility-risk-premium (VRP) portfolios  
of Della Corte et al. (2016a), thus covering ten investment strategies, for a total of N = 51  
portfolios.  We focus on the 1998-2013 period, given that VRP portfolios are available for  
this period, so that our panel of portfolio returns does not contain missing values. 

We present the main findings in Tables A18-A21, which can be summarized as follows.43  
We still uncover no trade-off in using RP-PCA instead PCA to extract the factors.  In  
fact, as the RP-weight increases, the idiosyncratic variance is unchanged, while the pricing  
performance is strongly enhanced.  We observe also similar patterns in the SDF maximal  
SRs and the factors’ weights.  Specifically, for RP-PCA ω = 20, the two- and three-factor  
SDFs yield SRs of 0.55 and 0.67, respectively, while with ω = −1 the corresponding SRs  
are substantially lower (0.27 and 0.28, respectively). The inclusion of the third factor also  
leads to substantial drops in the pricing errors, while its contribution is less evident from  
the analysis of the factors’ signal strengths. Moreover, the extracted pricing factors retain  
the same interpretations as in the baseline samples, because the information of the VRP  
portfolios is mostly captured by the last three factors that are excluded from the SDF.44 As 

43We report in Tables A14-A17 the baseline nine investment strategies’ estimates for the same period. 
44Specifically, the analysis of the exposures of the corner portfolios reveals that the VRP implied HML  

portfolio mostly relates to the F4, i.e., the “Value” factor. In the sample including HML portfolios, we find 
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a result, the analysis of the non-tradable factors’ exposures and risk premia is also largely 
robust, especially in light of the much shorter sample period. 

that the VRP HML portfolio is mostly explained by the last two factors.  F5 is a “long GAP short VRP”  
factor explaining roughly 40 percent of these strategies, while both strategies are positively exposed to F6. 
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Table A14: Latent Factor Signal Strengths: Short Sample (1998-2013) 

The table presents latent factors’ statistics and signal strengths. The factors are estimated using  
the RP-PCA method.  Specifically, they are the eigenvectors associated with the K = 6 largest  
eigenvalues of the matrix ΣRP =1

TX⊤X+ωX⊤ X,whereXistheT×Nmatrixofcurrency  
portfolio excess returns, and ω is the RP-weight. In Panel A: Eigenvalues, A.I Plain, we present  
the K largest eigenvalues (λK ) associated with matrices, ΣF

PCA =ψΣ
Fψ⊤ andΣ

RP =ψ(Σ
F +(1+ 

ω)µ⊤F µF )ψ⊤,whereψandΣ
F  aretheloadings(orbetas)andtheannualizedK-factorvariance  

matrix, respectively; we also report the K largest eigenvalues of the annualized ΣRP  matrix.  In  
 ∑N 
A.II Normalized, eigenvectors are normalized by a constant,  σ2

ϵ  = 1
N  n=1 σϵ,n,whereσ

ϵ,n  is  
the annualized variance of the n-th portfolio’s residual (i.e., the idiosyncratic variance), obtained  
by estimating Xnt  = αn Ftψ⊤

n +ϵ
nt,where Ft  collects the six latent factors; the normalized  

eigenvalues are more directly related to the signal-to-noise ratio.  In A.III Difference, we present  
the difference of consecutive normalized eigenvalues. In Panel B: Factors, B.I Statistics, we report  
orthogonalized factor Sharpe ratios (SR), the rank of the factor means (Rnk), and factor means  
(µF ) annualized. Factor means are starred with∗∗∗,∗∗,∗ denoting significance at the 1-, 5- and 10- 
percent levels, respectively, based on Newey-West standard errors with optimal lag-length selection.  
We carry out the analysis using RP-PCA with selected RP-weights. RP-PCA with ω = −1, and 
0 corresponds to standard PCA applied to the covariance and correlation matrices, respectively.  
With ω > 0, RP-PCA “overweights” the factor means.  The test assets consist of the currency  
portfolios from the 9 investment strategies (N = 46), for the period 1/1998-12/2013 at monthly  
frequency (T = 192). 

 
Panel A: Eigenvalues Panel B: Factors 

A.I Plain A.II Normalized A.III Difference B.I Statistics 
ω = −1 ΣF PCAΣF RP ΣRP ΣF PCAΣF RP ΣRP ΣF PCAΣF RP ΣRP SR Rnk µF 

λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω=5 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω = 10 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω = 20 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

3.13 
0.14 
0.08 
0.06 
0.05 
0.04 
ΣFPC
A 
3.13 
0.14 
0.08 
0.05 
0.05 
0.04 
ΣF 

PCA 
3.13 
0.14 
0.08 
0.05 
0.05 
0.04 
ΣFPC
A 
3.13 
0.14 
0.08 
0.05 
0.05 
0.03 

3.13  3.12 
0.14  0.14 
0.08  0.08 
0.06  0.05 
0.05  0.05 
0.04  0.04 
ΣFRP  ΣRP 
3.48  3.47 
0.21  0.21 
0.10  0.09 
0.08  0.07 
0.05  0.05 
0.05  0.05 
ΣF  ΣRP 

RP 
3.80  3.78 
0.28  0.28 
0.10  0.10 
0.08  0.08 
0.05  0.05 
0.05  0.05 
ΣFRP  ΣRP 
4.46  4.44 
0.41  0.41 
0.10  0.10 
0.08  0.08 
0.05  0.05 
0.05  0.05 

0.82 
0.04 
0.02 
0.01 
0.01 
0.01 
ΣFPC
A 
0.82 
0.04 
0.02 
0.01 
0.01 
0.01 
ΣF 

PCA 
0.82 
0.04 
0.02 
0.01 
0.01 
0.01 
ΣFPC
A 
0.82 
0.04 
0.02 
0.01 
0.01 
0.01 

0.82  0.81 
0.04  0.04 
0.02  0.02 
0.01  0.01 
0.01  0.01 
0.01  0.01 
ΣFRP  ΣRP 
0.91  0.90 
0.05  0.05 
0.02  0.02 
0.02  0.02 
0.01  0.01 
0.01  0.01 
ΣF  ΣRP 

RP 
0.99  0.98 
0.07  0.07 
0.03  0.03 
0.02  0.02 
0.01  0.01 
0.01  0.01 
ΣFRP  ΣRP 
1.16  1.16 
0.11  0.11 
0.03  0.03 
0.02  0.02 
0.01  0.01 
0.01  0.01 

0.78 
0.01 
0.01 
0.00 
0.00 
- 
ΣFPC
A 
0.78 
0.01 
0.01 
0.00 
0.00 
- 
ΣF 

PCA 
0.78 
0.01 
0.01 
0.00 
0.00 
- 
ΣFPC
A 
0.78 
0.01 
0.01 
0.00 
0.00 
- 

0.78  0.78  F1  0.13  1  0.24∗ 
0.01  0.01  F2  0.22  2  0.08∗∗∗ 
0.01  0.01  F3  0.11  6  0.03 
0.00  0.00  F4  0.24  4  0.06∗∗∗ 
0.00  0.00  F5  0.03  3  0.01 
- - F6  0.35  5  0.07∗∗∗ 
ΣFRP  ΣRP  SR  Rnk  µF 
0.85  0.85  F1  0.14  1  0.25∗ 
0.03  0.03  F2  0.42  2  0.14∗∗∗ 
0.01  0.01  F3  0.34  3  0.09∗∗∗ 
0.01  0.01  F4  0.32  4  0.08∗∗∗ 
0.00  0.00  F5  0.00  6  0.00 
- - F6  0.18  5  0.04∗∗ 
ΣF  ΣRP  SR  Rnk  µF 

RP 
0.91  0.91  F1  0.14  1  0.25∗ 
0.05  0.05  F2  0.48  2  0.15∗∗∗ 
0.01  0.01  F3  0.36  3  0.10∗∗∗ 
0.01  0.01  F4  0.26  4  0.07∗∗∗ 
0.00  0.00  F5  0.00  6  0.00 
- - F6  0.16  5  0.04∗∗ 
ΣFRP  ΣRP  SR  Rnk  µF 
1.05  1.05  F1  0.15  1  0.26∗∗ 
0.08  0.08  F2  0.52  2  0.15∗∗∗ 
0.01  0.01  F3  0.35  3  0.10∗∗∗ 
0.01  0.01  F4  0.23  4  0.06∗∗∗ 
0.00  0.00  F5  0.00  6  0.00 
- - F6  0.15  5  0.03∗ 
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Table A15: Latent Factor Pricing Diagnostics: Short Sample (1998-2013) 

The table presents model diagnostics of the first two steps of the asset-pricing procedure of Giglio  
and Xiu (2020) applied to currency portfolios excess returns, where the pricing factors are latent and  
are estimated using the RP-PCA method of Lettau and Pelger (2020a,b). We report diagnostics for  
RP-PCA implemented without “overweight” on the means (ω = −1), i.e., standard PCA, and with  
increasing values of the RP-weight (ω = 10, 20 and 50). We consider stochastic discount factors,  
ϕ(F1−k), including an increasing number of latent factors, k = 1, 2, . . . , 6. Tab A.I First pass, Panel 

∑N 
A: Two-pass Statistics, shows the average idiosyncratic variance, σ2ϵ =1  n=1 [Var(ϵ

n)/Var(X
n)], 

√  N 
and the average root-mean-square pricing errors, RM Sα  =  αα⊤/N, obtained by estimating  
Xnt = αn Ftψ⊤

n +ϵ
nt,forn=1...,Ntestassets.TabA.IISecondpasspresentstheR-squared  

values (R2(%)), and the mean absolute errors (MAE) of the cross-sectional regression, Xn  =  
ψnγ⊤ + an, for n = 1,...,N, where γ is the 1 × K vector of latent factors’ prices of risk. Tab B.I  
Components, Panel B: Sharpe Ratios, presents the maximal Sharpe ratio (SR) from the tangency  
portfolio of the mean-variance frontier spanned by the linear combination of the K selected latent  
factors, F ×b⊤

MV , where bMV  is a 1 × K vector with entries bMV,k = µF,k/σF,k, with µF,i and  
σ2

F,k  denotingthek-thfactor’smeanandvariance.Theb
M V,k  entryrepresentsthek-thfactor’s  

weight in the SDF, ϕt = 1 − Ft − µF )b⊤MV.Thetestassetsconsistoftheportfoliosfromthenine  
investment strategies (N = 46), for the period 1/1998-12/2013 at monthly frequency (T = 192). 

Panel A: Two-pass Statistics A.I 
First pass  A.II Second pass 

ω = −1  σ2ϵ  RMSα  R2(%)  M AE 
ϕ(F1)  20.65  2.23  2.83  1.63 
ϕ(F1−2)  17.20  1.87  34.25  1.40 
ϕ(F1−3)  15.11  1.81  41.25  1.31 
ϕ(F1−4)  13.71  1.61  50.67  1.21 
ϕ(F1−5)  12.33  1.60  52.15  1.21 
ϕ(F1−6)  11.25  1.21  73.48  0.91 
ω = 10  σ2ϵ  RMSα  R2(%)  M AE 
ϕ(F1)  20.67  2.23  48.21  1.39 
ϕ(F1−2)  17.65  1.73  96.03  0.37 
ϕ(F1−3)  15.67  1.34  98.77  0.21 
ϕ(F1−4)  13.94  1.02  99.43  0.14 
ϕ(F1−5)  12.56  1.02  99.43  0.14 
ϕ(F1−6)  11.33  0.92  99.58  0.12 
ω = 20  σ2  RMSα  R2(%)  M AE 

Panel B: Sharpe Ratios  
 B.I Components 

SR  ΔSR  bM V,i  µF,i 
F1  0.13  0.13  0.08  23.73 
F2  0.26  0.13  0.60  8.18 
F3  0.28  0.02  0.40  3.28 
F4  0.37  0.09  1.03  5.65 
F5  0.37  0.00  0.12  0.65 
F6  0.51  0.14  1.69  7.17 

SR  ΔSR  bM V,i  µF,i 
F1  0.14  0.14  0.08  25.28 
F2  0.51  0.36  1.60  14.68 
F3  0.62  0.11  1.32  9.71 
F4  0.67  0.05  1.01  6.80 
F5  0.67  0.00  0.01  0.03 
F6  0.69  0.02  0.74  3.53 

SR  ΔSR  µF,i 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 
ω = 50 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 

ϵ 
20.71 
17.80 
15.75 
13.96 
12.57 
11.34 

σ2 
ϵ 

20.83 
17.92 
15.80 
13.97 
12.59 
11.35 

2.25  75.48  1.19  F1  0.15  0.15 
1.71  98.93  0.20  F2  0.54  0.39 
1.26  99.69  0.10  F3  0.65  0.10 
1.00  99.84  0.07  F4  0.69  0.04 
1.00  99.84  0.07  F5  0.69  0.00 
0.91  99.88  0.06  F6  0.70  0.02 
RMSα  R2(%)  M AE  SR  ΔSR 
2.32  94.92  0.81  F1  0.16  0.16 
1.68  99.82  0.08  F2  0.57  0.41 
1.21  99.95  0.04  F3  0.66  0.09 
0.98  99.97  0.03  F4  0.69  0.03 
0.98  99.97  0.03  F5  0.69  0.00 
0.90  99.98  0.03  F6  0.71  0.01 

bM V,i 
0.09 
1.81 
1.26 
0.86 
0.01 
0.69 
bM V,i 
0.10 
1.90 
1.20 
0.77 
0.01 
0.66 

26.16 
15.10 
9.70 
6.02 
0.03 
3.32 
µF,i 

27.33 
15.68 
9.58 
5.53 
0.03 
3.18 
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Table A16: Exposures of Candidate Factors to Latent Factors: Short Sample (1998-2013) 

The table presents the non-tradable candidate factors’ exposures to the latent factors (ηFk ) and 
the explained variations (R2

F1−k  (14), for SDFs) 
obtained from the spanning regression of Eq.  
including an increasing number of factors, k = 1, . . . , K. We report the candidate factor exposures  
to the first six extracted, orthogonalized latent factors (i.e., K = 6).  The factors are extracted  
by applying RP-PCA with baseline weight (i.e., ω = 20) to the portfolios obtained from the nine  
investment strategies.  Panels A, B, and C show the estimates for the financial, text-based, and  
macro factors, respectively. We present the estimates only for the candidate factors with significant  
risk premia (λg ) according to the optimal SDF, ϕ(F1−3). When a factor is significant for multiple  
frequencies, we present the most representative. ∗∗∗,∗∗,∗  denote significance, respectively, at the  
1-, 5- and 10-percent levels, based on Newey-West standard errors. The test assets consist of the  
currency portfolios from the 9 investment strategies (N = 46), for the period 1/1998-12/2013 at  
monthly frequency (T = 192). 

 
PANEL A: Financial Factors 

A.I: Risk Exposures A.II: Explained Variation 
ηF ηF ηF ηF ηF ηF R2 R2 R2 R2 R2 R2 

1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 
sliq -0.18∗∗ -0.77∗∗∗ 0.79∗∗∗ 1.30∗∗∗ -0.21 0.31 9.63 14.60 19.41 31.21 31.45 31.92 
gfc 0.39∗∗∗ 0.78∗∗∗ -0.86∗∗∗ -0.57∗∗ 0.75∗∗∗ -0.47∗∗ 46.84 51.87 57.57 59.86 62.89 63.94 
gvol -0.19∗∗∗ -0.93∗∗∗ 0.57∗∗ 1.27∗∗∗ -0.03 0.54∗∗ 10.41 17.54 20.03 31.29 31.29 32.68 
ted -0.12∗∗∗ -0.79∗ 0.25 0.36 0.13 -0.45 4.23 9.45 9.92 10.85 10.94 11.92 
lib ois -0.16∗∗ -0.95∗ 0.28 -0.02 0.35 -0.67 9.02 17.75 18.68 18.76 19.53 20.79 
move -0.12∗∗∗ -0.96∗∗∗ 0.66∗∗∗ 0.34 -0.45 -0.68 4.60 12.23 15.57 16.39 17.49 19.73 
vxo -0.29∗∗∗ -0.96∗∗∗ 0.99∗∗∗ 0.37 -0.63∗∗ 0.20 25.26 32.92 40.48 41.43 43.59 43.78 

PANEL B: Text-Based Factors 
B.I: Risk Exposures  

ηF  ηF  ηF  ηF 
B.II: Explained Variation  

ηF  ηF  R2  R2  R2  R2  R2 

 R2 
1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 

gepu -0.07∗ -0.87∗∗∗ 0.40∗ 0.60∗∗∗ -0.29 0.78∗∗ 1.52 7.74 8.96 11.47 11.94 14.87 
gepu ppp -0.07∗ -0.93∗∗∗ 0.40∗ 0.57∗∗∗ -0.28 0.72∗∗ 1.36 8.51 9.71 11.96 12.40 14.92 
emv ov -0.10∗ -0.73∗∗ 0.42∗ 0.63∗ -0.25 -0.09 3.24 7.71 9.05 11.83 12.18 12.22 
emv mout -0.08 -0.76∗∗ 0.35 0.81∗∗ -0.30 -0.05 1.89 6.67 7.61 12.17 12.66 12.67 
emv mqnt -0.06 -0.62∗∗∗ 0.36 0.76∗∗ -0.38 0.29 1.17 4.39 5.39 9.39 10.18 10.58 
emv com -0.12∗∗ -0.78∗∗∗ 0.54∗∗ 0.62∗ -0.26 0.07 4.65 9.76 12.02 14.71 15.08 15.10 
emv fc -0.09 -0.86∗∗ 0.22 0.55 0.06 -0.27 2.40 8.54 8.89 11.02 11.04 11.38 
emv fp -0.07 -0.59∗∗ 0.33 0.44 -0.34 0.10 1.39 4.24 5.05 6.39 7.01 7.06 
emv mp -0.10∗∗ -0.77∗∗∗ 0.42∗ 0.90∗∗∗ -0.08 -0.31 2.81 7.78 9.12 14.77 14.81 15.26 
emv reg -0.07 -0.94∗∗ 0.24 0.72∗∗∗ 0.13 -0.18 1.41 8.78 9.21 12.86 12.95 13.11 
emv freg -0.09∗ -0.79∗ 0.24 0.66∗∗∗ 0.06 -0.24 2.70 7.85 8.28 11.32 11.33 11.62 
epu all -0.08∗ -0.68∗∗∗ 0.26 0.51∗∗ -0.52∗ 0.63∗ 2.16 6.02 6.54 8.33 9.78 11.67 
epu reg -0.06 -0.74∗∗∗ 0.34 0.54∗ -0.05 0.01 1.11 5.65 6.54 8.57 8.59 8.59 
epu cc 0.02 -0.57∗∗∗ -0.22 -0.23 0.05 0.67∗∗ 0.18 2.85 3.21 3.59 3.60 5.78 

PANEL C: Macro Factors 
C.I: Risk Exposures  

ηF  ηF  ηF  ηF 
C.II: Explained Variation  

ηF  ηF  R2  R2  R2  R2  R2 

 R2 
1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 

unew/us(y) 0.03 -0.38∗ -0.55∗∗∗ -0.38 -0.01 -0.00 0.21 1.40 3.72 4.72 4.72 4.72 
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Table A17: Risk Premia of Candidate Factors: Short Sample (1998-2013) 

The table presents the risk-premium estimates for each candidate non-tradable risk factor (gt).  
Panel FMB presents the risk-premium point estimates (λg ) and Shanken standard errors (se) from  
the standard two-pass procedure, including the constant and the candidate factor. The remaining  
panels report the estimates from the (augmented) three-pass procedure of GX for SDFs of different  
dimensions.  That is, ϕ(F1−k) denotes the SDF including up to the k-th latent factor, whereby  
the factors are extracted from the panel of currency portfolio returns using the RP-PCA method  
with baseline RP-weight (i.e., ω = 20). The risk-premium estimates (λg ) are reported along with  
the Newey-West standard errors (se), computed following Giglio and Xiu (2020);∗∗∗,∗∗,∗  denote  
significance, respectively, at the 1-, 5- and 10-percent levels. As for the three-pass method, for each  
factor and a given SDF, we also report the spanning R2s (R2) resulting from projecting the factor  
onto the k latent factors entering the SDF; the Sharpe ratios (SR) associated with the projected  
factor, i.e., the return-based counterpart to the original non-tradable factor; and, the p-value (pval)  
of the test of GX that factor gt is weak. In Panels A, B and C, we present financial (FIN), text- 
based (TXT), and macro (MAC) candidate g factors that have significant risk-premium estimates  
according to at least one of the SDF reported.  When a macro factor is significant for multiple  
frequencies, we present the most representative.  Factors are expressed as innovations, using the  
residuals from AR(1) processes, and are then standardized. The test assets consist of the portfolios  
from the nine investment strategies (N = 46). The sample period varies with the factor at hand,  
according to data availability over the 1/1998-12/2013 period. See non-tradable factor descriptions  
in Tables A5-A7, in the Internet Appendix. 

 
PANEL A: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
FIN λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
otic 11.76∗∗ (5.07) 0.99∗ (0.57) 3.10 0.47 0.10 0.91 (0.72) 3.13 0.43 0.17 0.89 (0.74) 3.14 0.42 0.28 
icap 3.40∗∗ (1.48) 2.38∗∗ (0.90) 22.43 0.42 0.00 1.08 (0.89) 31.86 0.16 0.00 1.22 (0.96) 32.09 0.18 0.00 
noise -2.55∗ (1.42) -1.76∗∗ (0.68) 16.11 0.36 0.09 -0.59 (0.48) 23.79 0.10 0.11 0.25 (0.76) 33.25 0.04 0.03 
sliq -3.18∗∗ (1.54) -1.96∗∗∗ (0.63) 14.60 0.43 0.04 -1.04∗∗ (0.44) 19.41 0.20 0.06 -0.10 (0.70) 31.21 0.01 0.01 
oilvolr -6.48∗∗ (2.46) -1.24∗ (0.64) 4.01 0.52 0.12 -0.78 (0.54) 5.22 0.28 0.16 -0.50 (0.54) 6.31 0.16 0.13 
gfc 2.20∗ (1.15) 2.65∗∗∗ (0.65) 51.87 0.31 0.00 1.64∗∗ (0.74) 57.57 0.18 0.00 1.23 (0.86) 59.86 0.13 0.00 
gliq -5.62∗∗ (2.41) -1.31∗∗ (0.58) 4.39 0.52 0.02 -0.57 (0.61) 7.42 0.17 0.01 -0.45 (0.69) 7.61 0.14 0.01 
gvol -3.59∗∗ (1.54) -2.26∗∗∗ (0.51) 17.54 0.45 0.00 -1.60∗∗∗ (0.41) 20.03 0.30 0.00 -0.68 (0.68) 31.29 0.10 0.00 
psliq 6.58∗∗ (2.61) 1.39∗∗ (0.58) 4.53 0.54 0.04 0.84 (0.61) 6.21 0.28 0.04 0.44 (0.66) 8.29 0.13 0.00 
ted -6.01∗∗∗ (2.18) -1.81∗ (0.90) 9.45 0.49 0.04 -1.52∗ (0.90) 9.92 0.40 0.07 -1.26 (0.84) 10.85 0.32 0.09 
lib ois -4.66∗∗ (2.07) -2.51∗ (1.27) 17.57 0.49 0.05 -1.99∗∗ (0.91) 18.81 0.39 0.08 -2.09∗∗ (1.03) 18.97 0.41 0.08 
move -5.48∗∗∗ (2.00) -2.13∗∗∗ (0.63) 12.23 0.51 0.01 -1.36∗∗ (0.55) 15.57 0.29 0.00 -1.11∗∗ (0.53) 16.39 0.23 0.00 
vxo -3.00∗∗ (1.34) -2.65∗∗∗ (0.64) 32.92 0.38 0.00 -1.49∗∗ (0.61) 40.48 0.19 0.00 -1.22∗ (0.67) 41.43 0.16 0.00 
PANEL B: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
TXT λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
gepu -6.64∗∗∗ (2.45) -1.79∗∗∗ (0.54) 7.74 0.54 0.00 -1.33∗∗ (0.58) 8.96 0.37 0.00 -0.89 (0.60) 11.47 0.22 0.00 
gepu ppp -6.84∗∗∗ (2.44) -1.89∗∗∗ (0.54) 8.51 0.54 0.00 -1.43∗∗ (0.60) 9.71 0.38 0.00 -1.02 (0.63) 11.96 0.24 0.00 
epu all -7.18∗∗ (2.81) -1.50∗∗∗ (0.48) 6.02 0.51 0.01 -1.20∗∗ (0.55) 6.54 0.39 0.01 -0.83 (0.58) 8.33 0.24 0.00 
epu mp -10.32∗∗ (4.13) -1.01∗∗ (0.47) 2.48 0.53 0.08 -0.82 (0.54) 2.68 0.42 0.13 -0.42 (0.56) 4.82 0.16 0.02 
epu hc -10.24∗∗ (4.88) -0.65∗ (0.38) 1.65 0.42 0.13 -0.76 (0.49) 1.72 0.48 0.23 -0.59 (0.58) 2.11 0.34 0.09 
epu ns -6.50∗∗ (3.09) -0.99∗∗ (0.43) 2.62 0.51 0.04 -0.41 (0.58) 4.58 0.16 0.01 -0.20 (0.57) 5.14 0.07 0.03 
epu reg -7.43∗∗ (2.79) -1.53∗∗ (0.62) 5.65 0.54 0.05 -1.13∗ (0.62) 6.54 0.37 0.07 -0.74 (0.64) 8.57 0.21 0.04 
epu cc -13.33∗∗∗ (4.18) -0.95∗∗ (0.45) 2.85 0.47 0.04 -1.20∗∗ (0.56) 3.21 0.56 0.10 -1.37∗∗ (0.67) 3.59 0.60 0.12 
emv ov -6.29∗∗ (2.51) -1.66∗∗ (0.69) 7.71 0.50 0.10 -1.17∗ (0.62) 9.05 0.32 0.14 -0.71 (0.62) 11.83 0.17 0.08 
emv mout -6.48∗∗ (2.54) -1.62∗∗ (0.72) 6.67 0.52 0.11 -1.21∗ (0.62) 7.61 0.37 0.19 -0.63 (0.60) 12.17 0.15 0.04 
emv mqnt -6.58∗∗ (2.78) -1.32∗∗ (0.55) 4.39 0.53 0.06 -0.90∗∗ (0.44) 5.39 0.32 0.13 -0.36 (0.53) 9.39 0.10 0.05 
emv inf -6.21∗∗ (2.77) -1.32∗∗∗ (0.46) 5.12 0.48 0.02 -0.73 (0.46) 7.06 0.23 0.01 -0.38 (0.50) 8.67 0.11 0.00 
emv com -5.51∗∗ (2.24) -1.81∗∗∗ (0.61) 9.76 0.48 0.03 -1.18∗∗ (0.53) 12.02 0.28 0.03 -0.73 (0.57) 14.71 0.16 0.02 
emv ir -6.78∗∗ (3.27) -0.95∗ (0.50) 2.23 0.53 0.21 -0.45 (0.50) 3.64 0.20 0.15 0.02 (0.59) 6.56 0.01 0.01 
emv fc -7.12∗∗∗ (2.47) -1.84∗∗ (0.91) 8.54 0.52 0.08 -1.59∗∗ (0.67) 8.89 0.44 0.15 -1.19∗∗ (0.52) 11.02 0.30 0.24 
emv fp -8.33∗∗ (3.46) -1.27∗∗ (0.58) 4.24 0.51 0.14 -0.89∗ (0.53) 5.05 0.33 0.22 -0.58 (0.60) 6.39 0.19 0.21 
emv tx -6.88∗∗ (3.08) -1.23∗ (0.65) 4.27 0.49 0.23 -0.72 (0.56) 5.73 0.25 0.27 -0.35 (0.63) 7.57 0.11 0.27 
emv gov -16.82∗∗ (7.29) -0.67∗ (0.37) 1.20 0.51 0.15 -0.54 (0.46) 1.29 0.39 0.06 -0.59 (0.55) 1.33 0.43 0.11 
emv mp -5.46∗∗ (2.19) -1.71∗∗ (0.65) 7.78 0.51 0.07 -1.22∗∗ (0.59) 9.12 0.33 0.11 -0.57 (0.59) 14.77 0.12 0.00 
emv reg -7.53∗∗∗ (2.58) -1.92∗∗ (0.93) 8.78 0.54 0.14 -1.65∗ (0.82) 9.21 0.45 0.26 -1.12 (0.77) 12.86 0.26 0.02 
emv freg -7.17∗∗∗ (2.64) -1.72∗ (0.90) 7.85 0.51 0.21 -1.45∗ (0.82) 8.28 0.42 0.34 -0.97 (0.78) 11.32 0.24 0.03 
emv tp -5.18∗ (2.83) -0.92∗ (0.51) 3.34 0.42 0.15 -0.14 (0.54) 6.70 0.05 0.01 0.05 (0.62) 7.21 0.02 0.01 
PANEL C: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
MAC λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
cpius(y) -2.99 (3.26) -0.29 (0.47) 0.24 0.49 0.73 -0.39 (0.45) 0.30 0.60 0.84 -0.92∗ (0.52) 4.02 0.38 0.04 
nfpyr(q) 6.71∗ (3.43) 0.80∗ (0.42) 3.91 0.34 0.04 0.66 (0.51) 4.02 0.27 0.08 0.65 (0.56) 4.02 0.27 0.12 
ipw/us(ey) -3.61∗ (2.05) -0.34 (0.57) 0.44 0.43 0.72 -0.94 (0.62) 2.43 0.50 0.27 -1.23∗ (0.71) 3.55 0.54 0.21 
unew/us(y) -14.10∗∗ (5.36) -0.60 (0.43) 1.40 0.42 0.12 -1.24∗∗ (0.51) 3.72 0.54 0.00 -1.52∗∗ (0.62) 4.72 0.58 0.00 
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Table A18: Latent Factor Signal Strengths: Short Sample with VRP Portfolios (1998-2013) 

The table presents latent factors’ statistics and signal strengths. The factors are estimated using  
the RP-PCA method.  Specifically, they are the eigenvectors associated with the K = 6 largest  
eigenvalues of the matrix ΣRP =1

TX⊤X+ωX⊤ X,whereXistheT×Nmatrixofcurrency  
portfolio excess returns, and ω is the RP-weight. In Panel A: Eigenvalues, A.I Plain, we present  
the K largest eigenvalues (λK ) associated with matrices, ΣF

PCA =ψΣ
Fψ⊤ andΣ

RP =ψ(Σ
F +(1+ 

ω)µ⊤F µF )ψ⊤,whereψandΣ
F  aretheloadings(orbetas)andtheannualizedK-factorvariance  

matrix, respectively; we also report the K largest eigenvalues of the annualized ΣRP  matrix.  In  
 ∑N 
A.II Normalized, eigenvectors are normalized by a constant,  σ2

ϵ  = 1
N  n=1 σϵ,n,whereσ

ϵ,n  is  
the annualized variance of the n-th portfolio’s residual (i.e., the idiosyncratic variance), obtained  
by estimating Xnt  = αn Ftψ⊤

n +ϵ
nt,where Ft  collects the six latent factors; the normalized  

eigenvalues are more directly related to the signal-to-noise ratio.  In A.III Difference, we present  
the difference of consecutive normalized eigenvalues. In Panel B: Factors, B.I Statistics, we report  
orthogonalized factor Sharpe ratios (SR), the rank of the factor means (Rnk), and factor means  
(µF ) annualized. Factor means are starred with∗∗∗,∗∗,∗ denoting significance at the 1-, 5- and 10- 
percent levels, respectively, based on Newey-West standard errors with optimal lag-length selection.  
We carry out the analysis using RP-PCA with selected RP-weights. RP-PCA with ω = −1, and 
0 corresponds to standard PCA applied to the covariance and correlation matrices, respectively. 
With ω > 0, RP-PCA “overweights” the factor means.  The test assets consist of the currency 
portfolios from the ten investment strategies, including VRP portfolios (N = 51), for the period 
1/1998-12/2013 at monthly frequency (T = 192). 

 
Panel A: Eigenvalues Panel B: Factors 

A.I Plain A.II Normalized A.III Difference B.I Statistics 
ω = −1 ΣF PCAΣF RP ΣRP ΣF PCAΣF RP ΣRP ΣF PCAΣF RP ΣRP SR Rnk µF 

λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω=5 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω = 10 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

ω = 20 
λ1 
λ2 
λ3 
λ4 
λ5 
λ6 

3.55 
0.14 
0.08 
0.06 
0.06 
0.05 
ΣFPC
A 
3.55 
0.14 
0.08 
0.06 
0.06 
0.04 
ΣF 

PCA 
3.55 
0.14 
0.08 
0.06 
0.06 
0.04 
ΣFPC
A 
3.55 
0.14 
0.08 
0.06 
0.06 
0.04 

3.55  3.53 
0.14  0.14 
0.08  0.08 
0.06  0.06 
0.06  0.06 
0.05  0.05 
ΣFRP  ΣRP 
3.91  3.89 
0.23  0.23 
0.10  0.10 
0.08  0.08 
0.06  0.06 
0.05  0.05 
ΣF  ΣRP 

RP 
4.23  4.21 
0.31  0.31 
0.10  0.10 
0.08  0.08 
0.06  0.06 
0.05  0.05 
ΣFRP  ΣRP 
4.91  4.89 
0.45  0.45 
0.11  0.11 
0.08  0.08 
0.06  0.06 
0.05  0.05 

0.81 
0.03 
0.02 
0.01 
0.01 
0.01 
ΣFPC
A 
0.81 
0.03 
0.02 
0.01 
0.01 
0.01 
ΣF 

PCA 
0.81 
0.03 
0.02 
0.01 
0.01 
0.01 
ΣFPC
A 
0.81 
0.03 
0.02 
0.01 
0.01 
0.01 

0.81  0.81 
0.03  0.03 
0.02  0.02 
0.01  0.01 
0.01  0.01 
0.01  0.01 
ΣFRP  ΣRP 
0.89  0.89 
0.05  0.05 
0.02  0.02 
0.02  0.02 
0.01  0.01 
0.01  0.01 
ΣF  ΣRP 

RP 
0.97  0.96 
0.07  0.07 
0.02  0.02 
0.02  0.02 
0.01  0.01 
0.01  0.01 
ΣFRP  ΣRP 
1.12  1.12 
0.10  0.10 
0.02  0.02 
0.02  0.02 
0.01  0.01 
0.01  0.01 

0.78 
0.01 
0.00 
0.00 
0.00 
- 
ΣFPC
A 
0.78 
0.01 
0.01 
0.00 
0.00 
- 
ΣF 

PCA 
0.78 
0.01 
0.01 
0.00 
0.00 
- 
ΣFPC
A 
0.78 
0.01 
0.01 
0.00 
0.00 
- 

0.78  0.77  F1  0.13  1  0.24∗ 
0.01  0.01  F2  0.23  2  0.09∗∗∗ 
0.00  0.00  F3  0.10  4  0.03 
0.00  0.00  F4  0.21  6  0.05∗∗∗ 
0.00  0.00  F5  0.08  3  0.02 
- - F6  0.15  5  0.03∗ 
ΣFRP  ΣRP  SR  Rnk  µF 
0.84  0.84  F1  0.13  1  0.25∗ 
0.03  0.03  F2  0.44  2  0.15∗∗∗ 
0.00  0.00  F3  0.38  3  0.10∗∗∗ 
0.00  0.00  F4  0.27  4  0.07∗∗∗ 
0.00  0.00  F5  0.13  6  0.03∗ 
- - F6  0.20  5  0.04∗∗ 
ΣF  ΣRP  SR  Rnk  µF 

RP 
0.89  0.89  F1  0.14  1  0.26∗ 
0.05  0.05  F2  0.49  2  0.15∗∗∗ 
0.01  0.01  F3  0.39  3  0.10∗∗∗ 
0.01  0.01  F4  0.21  4  0.06∗∗∗ 
0.00  0.00  F5  0.12  6  0.03∗ 
- - F6  0.17  5  0.04∗∗ 
ΣFRP  ΣRP  SR  Rnk  µF 
1.02  1.01  F1  0.14  1  0.27∗ 
0.08  0.08  F2  0.53  2  0.16∗∗∗ 
0.01  0.01  F3  0.38  3  0.10∗∗∗ 
0.01  0.01  F4  0.18  4  0.05∗∗ 
0.00  0.00  F5  0.12  6  0.03∗ 
- - F6  0.15  5  0.03∗∗ 
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Table A19: Latent Factor Pricing Diagnostics: Short Sample with VRP Portfolios (1998- 
2013) 
The table presents model diagnostics of the first two steps of the asset-pricing procedure of Giglio  
and Xiu (2020) applied to currency portfolios excess returns, where the pricing factors are latent and  
are estimated using the RP-PCA method of Lettau and Pelger (2020a,b). We report diagnostics for  
RP-PCA implemented without “overweight” on the means (ω = −1), i.e., standard PCA, and with  
increasing values of the RP-weight (ω = 10, 20 and 50). We consider stochastic discount factors,  
ϕ(F1−k), including an increasing number of latent factors, k = 1, 2, . . . , 6. Tab A.I First pass, Panel 

∑N 
A: Two-pass Statistics, shows the average idiosyncratic variance, σ2

ϵ =1  n=1 [Var(ϵ
n)/Var(X

n)], √  N 
and the average root-mean-square pricing errors, RM Sα  =  αα⊤/N, obtained by estimating 
Xnt = αn  Ftψ⊤

n +ϵ
nt,forn=1...,Ntestassets.TabA.IISecondpasspresentstheR-squared  

values (R2(%)), and the mean absolute errors (MAE) of the cross-sectional regression, Xn  =  
ψnγ⊤ + an, for n = 1,...,N, where γ is the 1 × K vector of latent factors’ prices of risk. Tab B.I  
Components, Panel B: Sharpe Ratios, presents the maximal Sharpe ratio (SR) from the tangency  
portfolio of the mean-variance frontier spanned by the linear combination of the K selected latent  
factors, F×b⊤

MV , where bMV is a 1 × K vector with entries bMV,k = µF,k/σF,k, with µF,i and σF,k  
denoting the k-th factor’s mean and variance. ThebMV,k entry represents the k-th factor’s weight  
in the SDF, ϕt = 1 − Ft − µF )b⊤MV.Thetestassetsconsistofthecurrencyportfoliosfromthe  
ten investment strategies, including VRP portfolios (N = 51), for the period 1/1998-12/2013 at  
monthly frequency (T = 192). 

 
Panel A: Two-pass Statistics A.I 

First pass  A.II Second pass 
ω = −1  σ2  RMSα  R2(%)  M AE 

 
Panel B: Sharpe Ratios  
 B.I Components 

SR  ΔSR  µF,i 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 
ω = 10 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 
ω = 20 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 
ω = 50 
ϕ(F1) 
ϕ(F1−2) 
ϕ(F1−3) 
ϕ(F1−4) 
ϕ(F1−5) 
ϕ(F1−6) 

ϵ 
21.02 
17.83 
15.96 
14.57 
13.31 
12.29 
σ2ϵ 
21.04 
18.24 
16.51 
14.84 
13.58 
12.41 
σ2ϵ 
21.07 
18.37 
16.57 
14.87 
13.60 
12.42 

σ2 
ϵ 

21.19 
18.47 
16.61 
14.88 
13.61 
12.43 

2.21  1.85  1.62  F1  0.13  0.13 
1.83  34.56  1.39  F2  0.27  0.14 
1.79  38.98  1.32  F3  0.28  0.02 
1.64  50.00  1.24  F4  0.35  0.07 
1.61  50.14  1.23  F5  0.36  0.01 
1.55  58.38  1.20  F6  0.39  0.03 
RMSα  R2(%)  M AE  SR  ΔSR 
2.21  44.02  1.39  F1  0.14  0.14 
1.71  96.15  0.35  F2  0.51  0.38 
1.27  98.99  0.19  F3  0.64  0.13 
1.07  99.36  0.14  F4  0.67  0.03 
1.02  99.45  0.14  F5  0.69  0.01 
0.91  99.61  0.11  F6  0.71  0.02 
RMSα  R2(%)  M AE  SR  ΔSR 
2.23  72.74  1.21  F1  0.14  0.14 
1.68  98.95  0.18  F2  0.55  0.41 
1.20  99.74  0.09  F3  0.67  0.12 
1.04  99.82  0.07  F4  0.69  0.02 
0.99  99.85  0.07  F5  0.70  0.01 
0.90  99.88  0.06  F6  0.72  0.02 
RMSα  R2(%)  M AE  SR  ΔSR 
2.30  94.32  0.82  F1  0.16  0.16 
1.66  99.83  0.08  F2  0.58  0.42 
1.16  99.96  0.04  F3  0.68  0.11 
1.02  99.97  0.03  F4  0.70  0.02 
0.97  99.97  0.03  F5  0.71  0.01 
0.89  99.98  0.03  F6  0.72  0.01 

bM V,i 
0.07 
0.62 
0.33 
0.83 
0.36 
0.72 
bM V,i 
0.07 
1.59 
1.43 
0.76 
0.52 
0.73 
bM V,i 
0.08 
1.79 
1.36 
0.65 
0.50 
0.66 
bM V,i 
0.09 
1.88 
1.29 
0.58 
0.49 
0.61 

24.06 
8.81 
2.78 
5.20 
2.01 
3.30 
µF,i 

25.62 
15.36 
10.41 
5.65 
2.92 
3.81 
µF,i 

26.54 
15.78 
10.38 
4.92 
2.86 
3.46 
µF,i 

27.83 
16.37 
10.26 
4.49 
2.81 
3.24 
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Table A20:  Exposures of Candidate Factors to Latent Factors:  Short Sample with VRP 
Portfolios (1998-2013) 
The table presents the non-tradable candidate factors’ exposures to the latent factors (ηFk ) and 
the explained variations (R2

F1−k  (14), for SDFs) 
obtained from the spanning regression of Eq.  
including an increasing number of factors, k = 1, . . . , K. We report the candidate factor exposures  
to the first six extracted, orthogonalized latent factors (i.e., K = 6).  The factors are extracted  
by applying RP-PCA with baseline weight (i.e., ω = 20) to the portfolios obtained from the 9  
investment strategies.  Panels A, B, and C show the estimates for the financial, text-based, and  
macro factors, respectively. We present the estimates only for the candidate factors with significant  
risk premia (λg ) according to the optimal SDF, ϕ(F1−3). When a factor is significant for multiple  
frequencies, we present the most representative. ∗∗∗,∗∗,∗  denote significance, respectively, at the  
1-, 5- and 10-percent levels, based on Newey-West standard errors. The test assets consist of the  
currency portfolios from the ten investment strategies, including VRP portfolios (N = 51), for the  
period 1/1998-12/2013 at monthly frequency (T = 192). 

 
PANEL A: Financial Factors 

A.I: Risk Exposures  
ηF  ηF  ηF  ηF 

A.II: Explained Variation  
ηF  ηF  R2  R2  R2  R2  R2 

 R2 
1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 

sliq -0.16∗∗ -0.77∗∗∗ 0.90∗∗∗ 1.21∗∗∗ 0.34 -0.01 9.26 14.40 20.57 31.59 32.25 32.25 
gfc 0.37∗∗∗ 0.80∗∗∗ -0.92∗∗∗ -0.59∗∗∗ -0.84∗∗∗ 0.27 46.08 51.63 58.12 60.74 64.75 65.14 
gvol -0.17∗∗∗ -0.91∗∗∗ 0.67∗∗ 1.18∗∗∗ 0.27 0.26 10.01 17.22 20.62 31.13 31.54 31.89 
ted -0.11∗∗∗ -0.77∗ 0.27 0.37 -0.32 -0.18 4.05 9.28 9.85 10.90 11.46 11.63 
lib ois -0.15∗∗ -0.94∗∗ 0.37 0.01 -0.91 -0.21 8.70 17.44 18.36 18.39 21.66 21.80 
move -0.11∗∗∗ -0.92∗∗∗ 0.73∗∗∗ 0.37∗ -0.05 -0.86∗∗ 4.37 11.80 15.90 16.92 16.94 20.78 
vxo -0.27∗∗∗ -0.96∗∗∗ 1.03∗∗∗ 0.36 0.57∗∗ -0.28 24.57 32.63 40.67 41.64 43.49 43.89 

PANEL B: Text-Based Factors 
B.I: Risk Exposures  

ηF  ηF  ηF  ηF 
B.II: Explained Variation  

ηF  ηF  R2  R2  R2  R2  R2 

 R2 
1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 

gepu -0.06∗ -0.85∗∗∗ 0.36 0.52∗∗ 0.68∗ 0.43 1.43 7.72 8.72 10.74 13.35 14.31 
gepu ppp -0.06 -0.92∗∗∗ 0.35 0.47∗∗ 0.66∗ 0.41 1.27 8.61 9.53 11.20 13.67 14.57 
emv ov -0.10∗ -0.70∗∗ 0.47∗ 0.61∗ 0.09 -0.26 3.08 7.35 9.04 11.89 11.94 12.28 
emv mout -0.07 -0.73∗∗ 0.40 0.77∗∗ 0.18 -0.23 1.76 6.40 7.61 12.09 12.28 12.56 
emv mqnt -0.06 -0.61∗∗∗ 0.39 0.68∗ 0.41 -0.12 1.09 4.34 5.51 9.05 10.02 10.09 
emv com -0.11∗∗ -0.76∗∗∗ 0.60∗∗ 0.59∗ 0.13 -0.18 4.40 9.43 12.18 14.82 14.91 15.08 
emv fc -0.08 -0.83∗∗ 0.26 0.49 -0.32 -0.13 2.24 8.31 8.81 10.63 11.20 11.29 
emv mp -0.09∗ -0.75∗∗∗ 0.46∗ 0.85∗∗∗ -0.02 -0.22 2.68 7.56 9.16 14.60 14.60 14.85 
emv reg -0.06 -0.93∗∗ 0.26 0.67∗∗ -0.13 -0.00 1.29 8.83 9.34 12.79 12.88 12.88 
emv freg -0.09∗ -0.78∗ 0.26 0.62∗∗∗ -0.10 -0.05 2.55 7.87 8.40 11.28 11.34 11.35 
epu all -0.08∗ -0.69∗∗∗ 0.27 0.46∗∗ 0.62∗ 0.03 2.01 6.18 6.71 8.32 10.52 10.52 
epu reg -0.05 -0.75∗∗∗ 0.38 0.52∗∗ -0.01 -0.12 0.99 5.89 7.00 9.02 9.02 9.09 
epu cc 0.03 -0.53∗∗∗ -0.22 -0.20 0.06 0.38 0.21 2.71 3.09 3.39 3.41 4.18 

PANEL C: Macro Factors 
C.I: Risk Exposures  

ηF  ηF  ηF  ηF 
C.II: Explained Variation  

ηF  ηF  R2  R2  R2  R2  R2 

 R2 
1 2 3 4 5 6 F1 F1−2 F1−3 F1−4 F1−5 F1−6 

unew/us(y) 0.03 -0.37∗ -0.57∗∗∗ -0.30 -0.06 -0.01 0.22 1.40 3.83 4.52 4.54 4.54 
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Table A21: Risk Premia of Candidate Factors: Short Sample with VRP Portfolios (1998- 
2013) 
The table presents the risk-premium estimates for each candidate non-tradable risk factor (gt).  
Panel FMB presents the risk-premium point estimates (λg ) and Shanken standard errors (se) from  
the standard two-pass procedure, including the constant and the candidate factor. The remaining  
panels report the estimates from the (augmented) three-pass procedure of GX for SDFs of different  
dimensions.  That is, ϕ(F1−k) denotes the SDF including up to the k-th latent factor, whereby  
the factors are extracted from the panel of currency portfolio returns using the RP-PCA method  
with baseline RP-weight (i.e., ω = 20). The risk-premium estimates (λg ) are reported along with  
the Newey-West standard errors (se), computed following Giglio and Xiu (2020);∗∗∗,∗∗,∗  denote  
significance, respectively, at the 1-, 5- and 10-percent levels.  As for the three-pass method, for  
each factor and a given SDF, we also report the spanning R2s (R2) resulting from projecting  
the factor onto the k latent factors entering the SDF; the Sharpe ratios (SR) associated with  
the projected factor, i.e., the return-based counterpart to the original non-tradable factor; and,  
the p-value (pval) of the test of GX that factor gt  is weak.  In Panels A, B and C, we present  
financial (FIN), text-based (TXT), and macro (MAC) candidate g factors that have significant  
risk-premium estimates according to at least one of the SDF reported.  Factors are expressed as  
innovations, using the residuals from AR(1) processes, and are then standardized. The test assets  
consist of the currency portfolios from the ten investment strategies, including VRP portfolios  
(N = 51).  The sample period varies with the factor at hand, according to data availability over  
the 1/1998-12/2013 period. See non-tradable factor descriptions in Tables A5-A7, in the Internet  
Appendix. 

 
PANEL A: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
FIN λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
icap 3.46∗∗ (1.48) 2.43∗∗∗ (0.89) 22.65 0.42 0.00 1.11 (0.91) 31.21 0.17 0.00 1.25 (0.97) 31.64 0.18 0.00 
noise -2.55∗ (1.39) -1.83∗∗ (0.69) 16.27 0.38 0.08 -0.50 (0.54) 24.86 0.08 0.08 0.09 (0.79) 32.53 0.01 0.03 
sliq -3.12∗∗ (1.52) -1.97∗∗∗ (0.64) 14.40 0.43 0.04 -0.85∗ (0.48) 20.57 0.16 0.04 -0.14 (0.74) 31.59 0.02 0.00 
oilvolr -5.16∗∗ (2.23) -1.17∗ (0.64) 3.48 0.52 0.10 -0.53 (0.54) 5.50 0.19 0.14 -0.22 (0.64) 7.57 0.07 0.11 
gfc 2.14∗ (1.14) 2.68∗∗∗ (0.66) 51.63 0.31 0.00 1.52∗ (0.80) 58.12 0.17 0.00 1.18 (0.92) 60.74 0.13 0.00 
gliq -4.84∗∗ (2.26) -1.19∗∗ (0.55) 3.71 0.51 0.04 -0.32 (0.64) 7.46 0.10 0.01 -0.18 (0.72) 7.86 0.05 0.01 
gvol -3.58∗∗ (1.53) -2.26∗∗∗ (0.51) 17.22 0.45 0.00 -1.43∗∗∗ (0.45) 20.62 0.26 0.00 -0.73 (0.71) 31.13 0.11 0.00 
psliq 6.84∗∗ (2.60) 1.44∗∗ (0.63) 4.80 0.55 0.05 0.90 (0.68) 6.23 0.30 0.04 0.68 (0.75) 7.30 0.21 0.01 
corp -1.75 (1.58) -1.14∗ (0.67) 13.55 0.26 0.14 0.35 (0.64) 24.39 0.06 0.09 0.67 (0.82) 26.61 0.11 0.07 
ted -6.09∗∗∗ (2.18) -1.81∗∗ (0.87) 9.28 0.49 0.04 -1.47∗ (0.81) 9.85 0.39 0.09 -1.25∗ (0.74) 10.90 0.31 0.14 
lib ois -4.59∗∗ (2.05) -2.52∗∗ (1.25) 17.46 0.50 0.06 -1.98∗∗ (0.84) 18.66 0.39 0.06 -2.08∗∗ (0.94) 18.79 0.40 0.09 
move -5.24∗∗∗ (1.93) -2.10∗∗∗ (0.63) 11.80 0.51 0.01 -1.19∗∗ (0.51) 15.90 0.25 0.00 -0.97∗ (0.51) 16.92 0.20 0.00 
vxo -2.98∗∗ (1.34) -2.67∗∗∗ (0.63) 32.63 0.39 0.00 -1.39∗∗ (0.64) 40.67 0.18 0.00 -1.18 (0.70) 41.64 0.15 0.00 
PANEL B: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
TXT λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
gepu -6.69∗∗∗ (2.40) -1.81∗∗∗ (0.54) 7.72 0.54 0.00 -1.36∗∗ (0.58) 8.72 0.38 0.00 -1.05∗ (0.59) 10.74 0.27 0.00 
gepu ppp -6.95∗∗∗ (2.39) -1.93∗∗∗ (0.54) 8.61 0.55 0.00 -1.49∗∗ (0.59) 9.53 0.40 0.00 -1.22∗ (0.61) 11.20 0.30 0.00 
epu all -7.35∗∗ (2.78) -1.55∗∗∗ (0.49) 6.18 0.52 0.01 -1.22∗∗ (0.57) 6.71 0.39 0.01 -0.95 (0.58) 8.32 0.27 0.00 
epu mp -9.16∗∗ (3.53) -1.04∗∗ (0.48) 2.58 0.54 0.06 -0.81 (0.53) 2.82 0.40 0.10 -0.49 (0.53) 5.17 0.18 0.01 
epu tx -5.88∗ (3.43) -0.67∗ (0.39) 2.03 0.39 0.19 -0.36 (0.55) 2.50 0.19 0.26 -0.08 (0.61) 4.19 0.03 0.08 
epu hc -10.42∗∗ (4.60) -0.71∗ (0.38) 1.74 0.45 0.09 -0.79 (0.52) 1.77 0.50 0.18 -0.65 (0.57) 2.21 0.36 0.07 
epu ns -6.76∗∗ (2.92) -1.11∗∗ (0.45) 3.07 0.53 0.02 -0.56 (0.55) 4.56 0.22 0.01 -0.44 (0.52) 4.86 0.17 0.02 
epu reg -7.54∗∗∗ (2.75) -1.59∗∗ (0.61) 5.89 0.54 0.03 -1.11∗ (0.60) 7.00 0.35 0.05 -0.81 (0.60) 9.02 0.22 0.03 
epu cc -12.57∗∗∗ (3.91) -0.93∗∗ (0.45) 2.71 0.47 0.05 -1.21∗∗ (0.56) 3.09 0.57 0.11 -1.33∗∗ (0.64) 3.39 0.60 0.13 
emv ov -6.12∗∗ (2.46) -1.62∗∗ (0.69) 7.35 0.50 0.11 -1.04∗ (0.60) 9.04 0.29 0.14 -0.68 (0.61) 11.89 0.16 0.09 
emv mout -6.38∗∗ (2.49) -1.61∗∗ (0.71) 6.40 0.53 0.11 -1.11∗ (0.59) 7.61 0.33 0.18 -0.65 (0.57) 12.09 0.16 0.05 
emv mqnt -6.57∗∗ (2.72) -1.33∗∗ (0.56) 4.34 0.53 0.07 -0.84∗ (0.45) 5.51 0.30 0.13 -0.44 (0.55) 9.05 0.12 0.05 
emv inf -5.96∗∗ (2.68) -1.29∗∗∗ (0.47) 4.89 0.49 0.02 -0.62 (0.47) 7.12 0.19 0.01 -0.35 (0.50) 8.70 0.10 0.00 
emv com -5.38∗∗ (2.19) -1.80∗∗∗ (0.60) 9.43 0.49 0.03 -1.05∗ (0.52) 12.18 0.25 0.03 -0.70 (0.55) 14.82 0.15 0.02 
emv ir -6.26∗∗ (2.99) -0.95∗ (0.51) 2.17 0.53 0.23 -0.38 (0.53) 3.76 0.16 0.11 -0.02 (0.59) 6.58 0.01 0.02 
emv fc -7.02∗∗∗ (2.39) -1.83∗∗ (0.89) 8.31 0.53 0.07 -1.51∗∗ (0.57) 8.81 0.42 0.12 -1.22∗∗ (0.47) 10.63 0.31 0.19 
emv fp -8.34∗∗ (3.40) -1.29∗∗ (0.58) 4.21 0.52 0.13 -0.85 (0.53) 5.13 0.31 0.21 -0.61 (0.60) 6.36 0.20 0.21 
emv tx -6.77∗∗ (3.02) -1.22∗ (0.64) 4.14 0.50 0.23 -0.64 (0.57) 5.82 0.22 0.27 -0.35 (0.63) 7.55 0.11 0.28 
emv gov -17.57∗∗ (7.36) -0.73∗ (0.36) 1.38 0.52 0.11 -0.66 (0.46) 1.40 0.46 0.08 -0.74 (0.54) 1.53 0.50 0.17 
emv mp -5.42∗∗ (2.16) -1.69∗∗ (0.66) 7.56 0.51 0.08 -1.12∗ (0.57) 9.16 0.31 0.10 -0.62 (0.56) 14.60 0.14 0.01 
emv reg -7.76∗∗∗ (2.60) -1.95∗∗ (0.91) 8.83 0.55 0.11 -1.63∗∗ (0.74) 9.34 0.44 0.21 -1.23∗ (0.67) 12.79 0.29 0.07 
emv freg -7.38∗∗∗ (2.65) -1.75∗ (0.87) 7.87 0.52 0.19 -1.42∗ (0.73) 8.40 0.41 0.32 -1.06 (0.67) 11.28 0.26 0.11 
emv tp -4.54∗ (2.61) -0.90∗ (0.53) 3.19 0.42 0.16 -0.01 (0.59) 7.07 0.00 0.00 0.17 (0.65) 7.80 0.05 0.00 
PANEL C: FMB ϕ(F1−2) ϕ(F1−3) ϕ(F1−4) 
MAC λg se λg se R2 SR pval λg se R2 SR pval λg se R2 SR pval 
nfpyr(q) 5.79∗ (3.14) 0.78∗ (0.44) 3.79 0.33 0.05 0.54 (0.55) 4.07 0.22 0.09 0.47 (0.59) 4.17 0.19 0.15 
unew/us(y) -13.93∗∗∗ (4.87) -0.61 (0.47) 1.40 0.43 0.16 -1.32∗∗ (0.58) 3.83 0.56 0.01 -1.50∗∗ (0.64) 4.52 0.58 0.00 
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