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Abstract

We show that business cycles are a key driver of currency excess returns: strong
economies offer high returns while weak economies offer low or negative returns, which
holds both in- and out-of-sample. Surprisingly, the returns stem primarily from spot ex-
change rate predictability and are uncorrelated with common currency strategies. More-
over, a business cycle factor that captures the spread in economic conditions across coun-
tries is priced in cross-sections of currency excess returns arising from carry, momen-
tum and value strategies. We discuss the implications of these results for international
macro-finance theory and for global investors seeking novel sources of currency portfolio
diversification.
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1 Introduction

A growing body of research has documented that the cross-section of currency excess returns is
predictable, which can be exploited using various investment strategies, including carry (Lustig
and Verdelhan, 2007; Lustig, Roussanov, and Verdelhan, 2011; Menkhoff et al., 2012a), mo-
mentum (Menkhoff et al., 2012b; Asness, Moskowitz, and Pedersen, 2013), and value (Asness,
Moskowitz, and Pedersen, 2013; Menkhoff et al., 2017).! Researchers have attempted to explain
this predictability by theoretically and empirically investigating whether the returns generated
by these currency investment strategies are compensation for risk.

Standard finance theory postulates that if investors are risk averse, the returns in excess
of the risk-free rate reflect compensation for exposure to one or more underlying risk factors.
In particular, a series of recent papers find evidence in support of a variety of risk factors,
including ‘global’ exchange rate risk (Lustig, Roussanov, and Verdelhan, 2011; Colacito et al.,
2016), unanticipated global volatility risk (Menkhoff et al., 2012a), downside risk (Lettau,
Maggiori, and Weber, 2014), global imbalance risk (Della Corte, Riddiough, and Sarno, 2016),
and correlation risk (Mueller, Stathopoulos, and Vedolin, 2016), among others.

Despite this progress, the literature provides limited empirical evidence to explain, from an
economic perspective, why one currency is more or less risky than another. Instead, the loading
of each currency (or basket of currencies) on the risk factor is treated as a free parameter in
empirical estimation. Currencies’ exposure to risk should, however, be driven by an underlying
macroeconomic process. In the same way that a firm’s level of risk is theoretically linked to firm
fundamentals, a currency’s riskiness should be a function of its underpinning macroeconomic
fundamentals. Yet we have a limited understanding of whether or how currency risk premia
are related to economic conditions across countries.?

Recent theoretical developments in macro-finance provide a new scope for understanding

why currencies are risky. Much of this work centers on developing augmented consumption-

"'While carry, momentum and value are well established currency investment strategies, several other strate-
gies in the recent literature show predictability in currency markets. These include strategies which combine
carry with other signals (Jorda and Taylor, 2012; Barroso and Santa-Clara, 2015), ‘smart’ carry (Bekaert and
Panayotov, 2015), information in the volatility risk premium (Della Corte, Ramadorai, and Sarno, 2016), and
optimal dynamic currency strategies (Maurer, T6, and Tran, 2016).

2The few empirical papers that successfully document a link between macroeconomic fundamentals and
currency premia include Lustig and Verdelhan (2007), who test the Consumption Capital Asset Pricing Model
and find that consumption growth can account for currency excess returns, although the finding was later
critiqued by Burnside (2011); Della Corte, Riddiough, and Sarno (2016), who find evidence that countries’ net
foreign assets are important determinants of currency premia, supporting the theory of Gabaix and Maggiori
(2015); and Berg and Mark (2016), who propose a factor based on conditional skewness of the unemployment
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based models to account for currencies’ conditional exposure to risk, for example, in a framework
with long-run risk (Colacito and Croce, 2013), rare events (Farhi and Gabaix, 2016), or habit
persistence (Verdelhan, 2010; Stathopoulos, 2017).> However, the development of these theories
has been met with limited empirical interest in testing their implications for currency excess
returns. This lack of interest may reflect, as Cochrane (2017) notes, that a horse-race between
competing theories is difficult because they are inherently correlated: each theory tells an
alternative ‘economic parable’ to provide insight into why investors dislike economic recessions.
In other words, macro-finance theories share a central, but relatively unexplored, prediction
that business cycles are a key driver of expected returns.

In this paper, we evaluate this general implication from the theoretical literature by in-
vestigating the relationship between business cycles and the cross-section of currency returns,
and the properties of investment strategies that exploit the relationship. We provide structure
for the analysis by presenting testable predictions, linking business cycles to currency excess
returns, using a habit model of exchange rates. Within this framework, currencies of “strong”
economies should generate higher currency excess returns than currencies of “weak” economies.
A portfolio strategy that buys strong economy currencies and sells weak economy currencies
should therefore generate positive average excess returns as compensation for risk.

The economic intuition is as follows: in bad times, consumption is close to the habit level
and the domestic interest rate is low. In this case, the domestic investor is more risk averse
than his foreign counterpart and demands a premium for holding foreign currency. A strategy
which goes short the domestic currency and long the foreign currency should therefore generate
positive excess returns. While the model provides structure and transparency for our empirical
exercise, the results are not model dependent. Instead, they provide a general test of the broad
class of models that include cyclical (or countercyclical) state variables to impose a link between
business cycles and expected currency returns.

In our empirical work, we use the output gap — a common macroeconomic measure of
business cycle conditions, defined as the percentage deviation in output from its long-run trend
— to sort currencies into quintile portfolios at the end of each month. We measure the output

gap using a standard Hodrick-Prescott (1980, HP) filter in our core results, but we also explore

30ther recent theories have focused on the unconditional source of heterogeneity to explain why coun-
tries with high average interest rates offer higher currency excess returns. Candidate sources of heterogeneity
include: country size (Hassan, 2013), commodity intensity (Ready, Roussanov, and Ward, 2016), financial de-
velopment (Maggiori, 2013) and trade-network centrality (Richmond, 2016). Our primary focus, however, is on
the theoretical macro-finance literature explaining conditional time-varying exposure to risk.



various alternative filters in our robustness analysis. Using data from October 1983 onward,
we find a strategy that goes long the highest output gap currencies and short the lowest output
gap currencies — which we term the GAP strategy — produces desirable risk-adjusted returns
and economically sizeable Sharpe ratios of up to 0.94 for a broad cross-section of 27 currencies
and up to 0.70 for a smaller sample of major currencies. The results confirm the essence of the
theoretical prediction that currency excess returns are higher for stronger economies, i.e. those
in a more favorable state of the business cycle.*

We find the time-series correlation between the GAP strategy and the currency carry trade
is essentially zero, and the correlations with other canonical currency investment strategies are
also close to zero. Surprisingly, the performance of the GAP strategy stems almost entirely from
the predictability of spot exchange rates, rather than from interest rate differentials: currencies
with relatively high output gaps tend to appreciate over the subsequent month, while those with
relatively low output gaps tend to depreciate. The observed predictability of spot exchange
rates is a rare finding in this literature and accounts for the lack of correlation with standard
currency strategies.

We then test empirically whether a business cycle risk factor explains the cross-section of
currency excess returns in a standard asset pricing framework. This factor — termed the output
gap (GAP) factor — is equivalent to the return from a strong-minus-weak strategy that buys
the currencies of economies with strong output gaps and shorts the currencies of economies
with weak output gaps, therefore capturing the cross-sectional spread in the state of business
cycles across countries at each point in our sample. We find that the GAP factor explains
a large fraction of the cross-sectional variation in currency excess returns, thus supporting a
risk-based view of exchange rate determination that is based on business cycle conditions.

The pricing power of the GAP factor is not confined to portfolios sorted on output gaps,
but also extends to other popular currency cross-sections, including portfolios sorted on carry
(interest rate differentials), momentum and value, and provides better empirical performance
in pricing these portfolios than other leading factors, such as the slope factor (Lustig, Rous-
sanov, and Verdelhan, 2011) and volatility factor (Menkhoff et al., 2012a). Furthermore, risk

factors that are successful in pricing carry trade portfolios, such as the slope factor of Lustig,

4While the output gap is a common measure of business cycle conditions in the macroeconomics literature, it
has received comparatively little attention in financial economics. Cooper and Priestley (2009) provide a notable
exception, finding that the output gap can help predict future stock returns for the United States and other G7
countries both in-sample and out-of-sample. In international macroeconomics, Molodtsova, Nikolsko-Rzhevskyy,
and Papell (2008) show that ‘Taylor rule’ models that incorporate output gap and inflation information display
predictive power for spot exchange rate changes in time series regressions for three major exchange rates.
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Roussanov, and Verdelhan (2011), are not able to explain the cross-section of portfolio returns
sorted on output gaps, further signifying that business cycles provide a theoretically motivated
but empirically novel source of risk in determining currency excess returns.

Our results on the relationship between business cycles and expected currency returns are
obtained in-sample since our primary interest is to test the relationship using the most accurate
measure of business cycle conditions. Nonetheless, we also find the GAP investment strategy
can be successfully implemented out-of-sample, providing attractive returns and Sharpe ratios
when conditioning purely on information available at the time of portfolio formation. We show
this result using: Hamilton’s (2016) detrending procedure with real-time industrial production
data, the OECD’s real-time measure of business cycle conditions, and a measure of real-time
industrial production momentum. Furthermore, the lack of correlation between GAP returns
and other canonical currency investment strategies implies that the G AP strategy offers tangible
diversification benefits in a currency portfolio, for which we provide quantitative evidence.
Specifically, adding the GAP strategy to a conventional menu of currency strategies — such as
carry, momentum, value, and dollar strategies — substantially improves the risk-return trade-off
faced by a currency investor.

It is also important to note that the theoretical literature in this area of research typically
views its models of currency excess returns as a means to explain the profitability of the carry
trade (see, for example Colacito and Croce, 2013; Farhi and Gabaix, 2016). Indeed, within
the habit model, the trading strategy implied by the model should perfectly correlate with the
carry trade since interest rates move with the (cyclical) state variable. We illustrate one channel
for how the zero correlation between GAP and carry returns could be reconciled theoretically,
by allowing for differences in long-run consumption growth rates across countries. This setup
breaks the one-to-one relationship between interest rates and the strength of the economy,
generating persistent differences in interest rates, consistent with the data.

Simulations of the model indicate that a zero correlation between GAP and carry returns
occurs under standard parameter choices. Other mechanisms could generate the zero correla-
tion, including variations in the subjective discount factor and asymmetric inflation risks as
modeled, for example, in Jylh& and Suominen (2011). The key message, however, is that per-
sistent interest-rate differentials are required to match carry returns, which are fundamentally
different from G'AP returns; hence, future theoretical work should seek to jointly account for
both GAP and carry returns when modeling currency excess returns.

Overall, our contributions to the literature are fourfold. First, we show that a fundamental



macroeconomic factor drives currency excess returns. Lustig and Verdelhan (2007) is the most
closely related paper in this respect. They show a link between currency returns and U.S.
consumption growth, instead we demonstrate a link between currency returns and relative
output across countries. We thus provide the first evidence on the role of cyclical factors that
are theoretically used to augment consumption growth in the literature. This result is obtained
in a cross-sectional portfolio setting, which provides an intuitive measure of the economic value
business cycle fluctuations have for predicting exchange rates. This is important since the
vast majority of papers exploring the link between macroeconomic variables and exchange rate
fluctuations either rely on purely statistical criteria or focus on time-series analysis using a
limited number of currency pairs (Mark, 1995; Molodtsova, Nikolsko-Rzhevskyy, and Papell,
2008; Rossi, 2013, and the references therein).

Second, our finding that a business cycle risk factor is priced in cross sections of excess
returns is notable, given the well-documented difficulty to explain asset returns with macroeco-
nomic factors and the feeble link between exchange rates and economic fundamentals recorded
in much empirical literature (Meese and Rogoff, 1983; Engel and West, 2005). Third, the ex-
cess returns generated from exploiting the predictive power of the output gap are primarily
driven by the predictability of spot exchange rates rather than interest rate differentials, which
contrasts with the implications of much international macro-finance theory (e.g., Verdelhan,
2010). While this is surprising, it provides useful guidance for future theory in this area of
research, and we show that understanding these facts requires models that allow for persistent
differences in interest rates across countries.

Finally, our findings provide a novel currency investment strategy that can be implemented
successfully out-of-sample and provides diversification benefits when combined with other com-
mon currency strategies. This finding contributes to the burgeoning literature on cross-sectional
foreign exchange market predictability (Lustig, Roussanov, and Verdelhan, 2011; Jorda and
Taylor, 2012; Menkhoff et al., 2012b, 2017; Asness, Moskowitz, and Pedersen, 2013) and ex-
tends the literature on optimal currency asset allocation (e.g., Barroso and Santa-Clara, 2015).

In further analysis, we show, inter alia, that (i) the core results remain unchanged when
using alternative measures of the output gap constructed with various detrending procedures;
(ii) the results are robust when we depart from our base scenario of a U.S.-based investor and
run calculations with alternative base currencies (taking the viewpoint of a Eurozone, British,
Japanese, and Swiss investor, respectively); and (iii) transaction costs do not wipe out the

returns from the GAP strategy either in- or out-of-sample.



The rest of the paper is structured as follows. Section 2 describes the framework that
generates our hypotheses. Section 3 describes the data and construction of currency portfolios.
In Section 4 we report results from implementing the GAP strategy, while in Section 5 we
conduct cross-sectional asset pricing tests. Section 6 investigates whether and how the GAP
strategy can be implemented out-of-sample and quantifies the diversification benefits from
including the strategy in a broad currency portfolio. Section 7 provides a discussion of how
the empirical results can be interpreted theoretically. Section 8 reports the results from further

analysis and robustness checks. We conclude in Section 9.

2 Theoretical Motivation

A common feature of macro-finance models of asset pricing, including models with long-run
risks, rare disasters, habit preference, and heterogeneous preferences, is that they essentially
augment the Consumption Capital Asset Pricing Model to integrate one or more (unobservable)
state variables that vary with business cycles to account for assets’ exposure to risk (Cochrane,
2017). It is widely known that during bad times (e.g., in recession), risky assets generate
negative returns, investors are more risk averse, and risk premia increase; therefore, risk-based
theory attempts to predict these outcomes.

This feature of asset pricing models, linking business cycle and discount factors, is also
common to the theoretical literature describing the evolution of currency excess returns. Farhi
and Gabaix (2016), for example, present a rare “disasters” model in which a ‘business cycle
factor’ is used to augment the baseline disasters model. Strong economies with high output
gaps are predicted to have appreciated exchange rates and high interest rates, implying that
stronger economies would generate a positive interest rate differential but a negative exchange
rate return (since the output gap is mean reverting). Colacito and Croce (2013) present a
two-economy general equilibrium model with long-run risks that accounts for the findings of
Lustig, Roussanov, and Verdelhan (2011) that high interest rate currencies have the highest
expected returns.

The state variable — the share of world consumption — varies cyclically with domestic pro-
ductivity shocks. In ‘good times’ following a productivity shock, the domestic economy reduces
its consumption as a share of world consumption and lends to the foreign economy. Weaker
economies with rising shares of world consumption are predicted to offer higher currency re-

turns to compensate for their exposure to global consumption shocks. In Verdelhan (2010),



consumers are endowed with external habit preferences. A single state variable drives the
model. This variable — surplus consumption — has been shown to vary with the output gap
(Campbell, Pflueger, and Viceira, 2015). Investors in weak economies are more risk averse and
thus require a high currency return to invest in strong economies.

We are thus motivated by the general macro-finance theoretical literature that either ex-
plicitly or implicitly links business cycles to currency excess returns. Therefore, although our
contribution in this paper is empirical, we provide structure to our analysis by outlining one
set of hypotheses from the literature. Specifically, we outline the predictions that arise from
the external habit model of exchange rate determination, studied in, for example, Moore and
Roche (2008, 2010, 2012), Verdelhan (2010) and Stathopoulos (2017).

The habit preferences model provides a convenient framework for expressing testable predic-
tions for two main reasons. First, the theory provides a comparatively parsimonious model of
the Stochastic Discount Factor (SDF'). This feature allows us to make precise statements about
the model’s predictions on business cycles and the necessary ingredients required to reconcile
our empirical findings with the model’s predictions. Second, surplus consumption, the state
variable in the habit framework, is widely recognized on both theoretical and empirical grounds
to proxy for the business cycle (Campbell and Cochrane, 1999; Li, 2001; Campbell, Pflueger,
and Viceira, 2015). We therefore view the model as providing a direct link between business

cycles and currency excess returns.

Testable Predictions. The main elements of the habit model are outlined in the Appendix,
and full details are in Verdelhan (2010). The framework is a symmetric two-country model in
which the representative investor in each country is assumed to have external habit preferences
(Campbell and Cochrane, 1999). The logarithm of consumption is assumed to follow a random
walk with drift, while the log surplus consumption ratio (the cyclical state variable) is defined
as a stationary AR(1) process with time-varying volatility. Under the standard no-arbitrage
condition with complete markets, and assuming the SDF in each country is lognormally dis-
tributed, the expected log currency excess return rf,; and interest rate differential r; — r; can

be shown to equal a function of the surplus consumption differential:

Bi(riys) = C(sf — st) (1)

Ty —ry = (s} — s¢) (2)



where ¢ > 0, ¢+ > 0, s is the log surplus consumption ratio, and the asterisk denotes foreign
country’s variables.

Equation (1) indicates that investors can expect to earn high currency excess returns from
investing in countries with high surplus consumption (high output gap). The intuition is simple:
in bad times, a negative domestic consumption growth shock pushes consumption close to its
habit level and the interest rate lower. In this case, the domestic investor is more risk averse than
his or her foreign counterpart and demands a positive currency excess return (risk premium)
for holding the foreign currency. Hence a strategy that is short in the domestic currency (weak
economy) and long in the foreign currency (strong economy) should generate positive excess
returns.

We are interested in these implications for a portfolio of currencies. It is easy to show (see
Appendix) that generalizing Equation (1) to the case of a sufficiently large number of countries
N, the portfolio return of an investment strategy that buys strong economy currencies and sells

weak economy currencies is expected to generate a positive currency excess return equal to

Finntzan = (o = 50) +7 (Moun) = MNown) ) woen (3)
H_/ N

J/

N~
>0 <0

where 7 is the risk aversion coefficient, w,1; is the common shock to consumption growth

across countries at time t + 1, 5757 (S;.1) is the average surplus consumption ratio in the ‘high’

(‘low’) portfolio at time ¢, and A(syp) (A(St,z)) is the average sensitivity ratio of currencies in
the high (low) portfolio at time ¢. The average sensitivity of low surplus consumption countries
is high since investors in these countries are more risk averse because consumption is close to
habit. It can be seen from Equation (3) that returns are driven by surplus consumption ratios
at time ¢ and shocks to a common component w, at time ¢ + 1, with sensitivity to the shock
being a function of relative surplus consumption ratios.

Given that surplus consumption depends on the state of the business cycle (Campbell
and Cochrane, 1999; Li, 2001; Cochrane, 2017) one can empirically proxy a country’s surplus
consumption using a measure of business cycle conditions. Campbell, Plueger, and Viceira
(2015) highlight the strong empirical and theoretical relationship between the output gap and
surplus consumption, which are perfectly correlated under realistic model assumptions. We use

this framework to form our main testable hypothesis:

o Currencies of countries with high output gaps (“strong” economies) should offer higher

excess returns than currencies with low output gaps (“weak” economies). Thus, a portfolio

9



that buys strong economy currencies and sells weak economy currencies, which we term
the GAP strategy, should generate positive average excess returns as compensation for

business cycle risk.

The mechanism described above provides a single, transparent, channel through which busi-
ness cycles affect currency returns. Our primary motivation in describing the model is to provide
intuition for the link between business cycles and currency returns. Nonetheless, we acknowl-
edge that other channels exist and our empirical exercise has implications for all currency
models with cyclical (or countercyclical) risk factors. We leave to future work any attempt to
distinguish between competing theories or disentangle their precise implications for a business
cycle factor. Instead, we concentrate on providing the first empirical results on the link be-
tween business cycles and the cross-section of currency excess returns that can inform future

theoretical and empirical work.

3 Data and Currency Portfolios

This section describes the main data employed in the empirical analysis. We also describe the

construction of currency portfolios and the risk factors.

3.1 Data on Spot and Forward Exchange Rates

We collect daily spot and 1-month forward exchange rates vis-a-vis the U.S. dollar from Barclays
and Reuters via Datastream. The empirical analysis uses monthly data obtained by sampling
end-of-month rates from October 1983 to January 2016. Our sample comprises 27 countries:
Australia, Austria, Belgium, Brazil, Canada, Chile, Czech Republic, Germany, Finland, France,
Iceland, Ireland, Italy, Japan, Mexico, Netherlands, New Zealand, Norway, Poland, Portugal,
South Korea, Spain, Sweden, Switzerland, Turkey, United Kingdom, and the United States. We
call this sample ‘all countries.’

Several currencies in this sample are pegged or subject to capital restrictions. Investors
may not easily trade some of these currencies in large amounts even though quotes on forward
contracts (deliverable or nondeliverable) are available. Hence, we also consider a subset of 19
countries, which we refer to as ‘developed countries.” This sample includes the countries in
italics in the above list. After the introduction of the euro in January 1999, we remove the

Eurozone countries except for Germany, which we use to proxy for the Euro area.’

5The sample of developed countries is slightly larger than that used by Lustig, Roussanov, and Verdelhan
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3.2 Data on Economic Activity

Turning to macroeconomic data, we use monthly data on industrial production, obtained from
the OECD’s Original Release Data and Revisions Database. For the main analysis we use the
April 2016 vintage of data. The full series of monthly industrial production data begin at
various dates across countries. The earliest start date is January 1960, and the sample runs
until January 2016. We use the full sample to calculate various measures of the output gap for
each country in the sample. Our benchmark measure is the standard HP filtered output gap,
but we also estimate output gaps using the Baxter-King (1999) filter, a forecasting approach
attributable to Hamilton (2016), a linear trend, and a quadratic trend.

The full sample contains revisions to the data, which is useful for forming the most accurate
estimate of the output gap in each period. However, in part of the empirical analysis, we
require real-time industrial production data to proxy investors’ information set. We therefore
collect monthly ‘vintage’ data of industrial production, available from December 1999 until
January 2016.% Each monthly vintage dataset records the industrial production data available
to an investor in that particular month. For example, in December 1999, the available U.S.
industrial production data ran from January 1960 to October 1999. We thus assume that the
industrial production data for November and December of 1999 were unknown to the investor
in December 1999.

We also collect data on Composite Leading Indicators (CLIs) from the OECD’s Original
Release Data and Revisions Database. The CLIs are designed to capture (and indeed predict)
turning points in industrial production by aggregating across a variety of country-specific macro-
indicators, which are known to have a reasonably consistent relationship with the local business
cycle. The underlying components of the CLI series are all passed through a variety of filters
by the OECD prior to aggregation, including ‘seasonal adjustment, outlier detection, trend-
removal, smoothing and normalization’ to maintain stable lead times and reduce the possibility
of missing turning points in the cycle (OECD, 2016).

We collect vintage data for the ‘amplitude-adjusted” CLI — the OECD’s preferred CLI

measure of business cycle conditions. The amplitude-adjusted series takes the average of the

(2011) and Menkhoff et al. (2012a). The full sample of countries instead comprises a smaller set of countries
than those studies. Our data constraint for the sample of all countries is due to the availability of data from
the OECD, discussed later in this section. For the smaller sample of developed countries, we also consider the
smaller set of countries as in Lustig, Roussanov, and Verdelhan (2011) and Menkhoff et al. (2012a) and find
qualitatively identical results.

6The dataset is available from February 1999, but the early months have unusually short samples. We
therefore choose to begin the analysis using the December 1999 vintage.
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filtered and detrended component series and then ‘amplifies’ the series to match the standard
deviation of detrended industrial production. It can be interpreted as an output-gap-type
cyclical measure of business cycle conditions in real time. Although the dataset begins in 2001,
the majority of currencies in our sample only become available much later, and hence our

monthly vintages run from April 2006 to January 2016.

3.3 Currency Excess Returns

We define spot and forward exchange rates at time ¢ as Spot; and Fwd;. Exchange rates
are defined as units of U.S. dollars per unit of foreign currency such that an increase in Spot;
indicates an appreciation of the foreign currency. The excess return on buying a foreign currency
in the forward market at time ¢ and selling in the spot market at time ¢ + 1 is computed as

(SpOtt+1 - FUJdt)
SpOtt

RXyp1 = (4)

which is equivalent to the spot exchange rate return minus the forward premium

Spoty 1 — Spoty  Fwd, — Spot,
RXi 1 = - ) 5
i Spot, Spot, (5)

According to the Covered Interest Parity (CIP) condition, the forward premium approx-
imately equals the interest rate differential (Fwd; — Spot;) /Spot; ~ iy — iy, where i; and @}
represent the U.S. and the foreign riskless rates respectively, over the maturity of the for-
ward contract. Since CIP generally holds closely in the data at low frequency (e.g., Akram,
Rime, and Sarno, 2008), the currency excess return is approximately equal to the exchange
rate return (i.e., (Spotiy1 — Spot,) /Spot;) plus the interest rate differential relative to the
United States (i.e., i} — ;). As a matter of convenience, throughout this paper we refer to
fdi = (Spoty — Fwd;) /Spoty = if — i, as the forward discount or interest rate differential
relative to the United States.”

3.4 GAP Portfolios

Motivated by the theoretical predictions described in Section 2, we construct the GAP strategy
as follows. At the end of each period ¢, we sort currencies on the time-t output gap and allocate
them to five portfolios. Portfolio 1 corresponds to the weakest countries with the lowest output
gaps (output most below potential), whereas Portfolio 5 comprises the strongest countries with

the highest output gap (output most above potential). We then compute the excess return for

"Due to large deviations from CIP caused by extreme market illiquidity, and consistent with other studies
in the literature, we remove the Turkish lira from our sample between November 2000 and November 2001.
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each portfolio as an equally weighted average of individual currency excess returns within the
portfolio. We construct a GAP factor as the difference between Portfolio 5 (P5) and Portfolio
1 (P;). This approach is equivalent to a strong-minus-weak strategy that buys the currencies
of strong economies (characterized by relatively high output gaps) and sells the currencies of
weak economies (characterized by relatively low output gaps).

Our benchmark results are obtained using an in-sample measure of the output gap con-
structed using the HP filter over the full sample and ignoring real-time data considerations.
The output gap is defined as the logarithm of the difference between actual (y;) and ‘potential’
(g¢) output. A country’s potential output is not directly observable, and it therefore needs to
be estimated. Numerous statistical methods have been proposed to measure potential output
Us, with the principal aim being to split a country’s output into cyclical and trend components.
The trend component can be viewed as the economy’s natural or potential growth path, from
which growth cyclically deviates.

The cyclical component is thus a measure of these short-term deviations and serves as our
empirical proxy for the output gap. The HP filter is the most common technique for extracting
the output gap in the macroeconomics literature (see, e.g., Backus and Kehoe, 1992; Cooley
and Hansen, 1989; Danthine and Girardin, 1989; Kydland and Prescott, 1990; Hansen, 1985).
Specifically, the HP filter decomposes the logarithm of real output ¥;, into a cyclical component

(y;¥, output gap) and a trend growth component (y{", potential output), y; = y;¥ + yf".8

3.5 Carry Trade Portfolios

At the end of each month ¢, we allocate currencies to five portfolios on the basis of their forward
discounts (or interest rate differential relative to the United States). This exercise implies that
currencies with the lowest forward discounts (or lowest interest rate differential relative to the
United States) are assigned to Portfolio 1, whereas currencies with the highest forward discounts
(or highest interest rate differential relative to the United States) are assigned to Portfolio 5.
We compute the excess return for each portfolio as an equally weighted average of the currency
excess returns within that portfolio. The strategy that is long Portfolio 5 and short Portfolio 1
is referred to as CAR.

80ne criticism of using the HP filter is the ‘endpoint’ problem. While the HP filter performs well in capturing
peaks and troughs in the business cycle (see, e.g., Canova, 1994), the approach does not consider if the start
and end points reflect similar points in the cycle, which can bias the first and last few data points. This feature
is troublesome when the primary objective is to make policy recommendations or forecasts. The filter is hence
more useful for characterizing business cycles in-sample, as we do, than forecasting out-of-sample. Nonetheless,
we also apply the technique of Watson (2007) to mitigate endpoint concerns. The procedure requires estimating
an AR(8) model to forecast and backcast the data by 12-quarters before applying the HP filter.
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3.6 Currency Momentum Portfolios

At the end of each period ¢, we form five portfolios based on exchange rate returns over the
previous month. We assign the 20% of all currencies with the lowest lagged exchange rate
returns to Portfolio 1 and the 20% of all currencies with the highest lagged exchange rate
returns to Portfolio 5. We then compute the excess return for each portfolio as an equally
weighted average of the currency excess returns within that portfolio. A strategy long in

Portfolio 5 (winner currencies) and short in Portfolio 1 (loser currencies) is denoted as MOM.

3.7 Value Portfolios

At the end of each period ¢, we form five portfolios based on the lagged five-year real exchange
rate return as in Asness, Moskowitz, and Pedersen (2013). This measure of currency value is
based on calculating a deviation from relative purchasing power parity. Specifically, relative
inflation over a 5-year window vis-a-vis the United States is compared with the foreign exchange
rate appreciation over the same period versus the U.S. dollar. To provide a more stable measure
of the foreign exchange rate appreciation, Asness, Moskowitz, and Pedersen (2013) calculate
the appreciation as today’s FX rate minus the average FX rate observed 4.5 to 5.5 years earlier.
If inflation growth in the foreign economy outpaced that in the U.S. but the U.S. dollar did
not appreciate against the foreign currency by an offsetting amount, then the foreign currency
is considered ‘overvalued’.

To construct currency value portfolios, we collect monthly data on consumer price indices
from the IMF’s International Financial Statistics database beginning in October 1978 and also
collect additional foreign exchange spot rate data from Global Financial Data beginning in
April 1978, such that the first currency value signals are obtained in October 1983. We assign
the 20% of all currencies with the highest lagged real exchange rate return to Portfolio 1 and
the 20% of all currencies with the lowest lagged real exchange rate return to Portfolio 5. We
compute the excess return for each portfolio as an equally weighted average of the currency
excess returns within that portfolio. A strategy long in Portfolio 5 (undervalued currencies)

and short in Portfolio 1 (overvalued currencies) is denoted as VAL.

4 The GAP Strategy: Properties and Performance

This section describes the properties of the excess returns from implementing the GAP strategy.

Our benchmark is a standard cross-sectional portfolio sort, in which currencies are sorted into
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five bins (P, Py, Ps, Py, Ps) based on quintiles of the cross-sectional distribution of output gaps.
Within each bin, currencies are equally weighted. We report results for the G AP portfolio that
goes long in Ps (strong economy currencies, i.e., the highest output gaps) and short in P; (weak
economy currencies, i.e., the lowest output gaps).

In addition to the main GAP portfolio strategy, for robustness we also build alternative

measures of the GAP portfolio with linear weights given by
W1 = ¢ (Tjr — Ty) (6)

where z;; denotes the signal for currency j in month ¢ (i.e., the output gap in that month
for that currency) and 7, = Nt_lgj-\[:tlxj,t denotes the cross-sectional average of this signal
(across countries, V;). ¢ is a scaling factor such that the absolute sum of all portfolio weights
equals unity, that is, ¢, = 1/ >, |z, —%|. Currencies with a value of the signal above the cross-
sectional mean receive positive portfolio weights, whereas currencies with a below-average value
receive negative weights. The portfolio return ra? is then given by raj, , = Z;V:tl W 41T T 141
In the implementation of this approach we rebalance the portfolios at the end of each month.

Finally, we also report returns of rank portfolios (Asness, Moskowitz, and Pedersen, 2013),

where weights are given by

Wit = Gt (rank(az‘“) — i: rank(ath)/Nt) . (7)

j=1

The scaling factor ¢; is analogous to the case of linear weights above (but uses ranks of
signals instead of actual signals) and ensures that we are one dollar long and one dollar short as
in Asness, Moskowitz, and Pedersen (2013). The procedures based on linear weights and rank
portfolios are useful for a comparison with the Ps-P; GAP strategy because they are more
conservative, assigning smaller weights to extreme output gaps. Given the relatively small
number of assets in the currency cross-section, these strategies provide some reassurance that
results from the main GAP strategy are not driven by just a few currencies.

In Panel A of Table 1, we present the average excess returns on the five output-gap-sorted
portfolios, which monotonically increase from P, (—0.25% and —0.60% per annum) to Ps (6.41%
and 4.92% per annum) for both samples of countries.? The average excess returns of the GAP
strategy are 6.66% and 5.52% for the two samples, which are statistically different from zero at
the 1% level. The Sharpe ratio (Sharpe) is 0.82 for the sample of all countries and 0.68 for the

sample of developed countries. The Sharpe ratios are comparable with carry trade strategies

9The portfolio returns are available online at http://www.stevenriddiough.com /research/.
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and are larger than currency value and momentum strategies, suggesting the GAP strategy
has highly appealing risk-adjusted returns in its own right.'°

Further scrutiny of the results in Table 1 reveals the GAP strategy returns are mainly
driven by predicting spot exchange rates (5.06% and 4.92% per annum, in the row denoted
fx), whereas the interest rate differential contributes much less (1.60% and 0.60% per annum,
in the row denoted ir). This finding is quite different from that observed with carry trade
strategies in which returns are entirely driven by exploiting interest rate differentials across
countries, and typically the exchange rate component of the excess return is negative.!* The
stark difference between the GAP strategy and the carry trade is visible in Figure 1, which
plots the cumulative return from these two strategies as well as the cumulative returns from
the exchange-rate and interest-rate components over the full sample.

The properties of the returns from the GAP strategy are qualitatively identical when using
linear weights and rank portfolios, which tend to further improve the Sharpe ratio for the sample
of all countries. The main difference we observe is that linear weights and rank portfolios alter
the risk profile of the strategy by producing more positively skewed excess returns and reducing
the maximum drawdown of the strategy, which is expected since these portfolio construction
schemes place less weight on the currencies in the corner portfolios.

The last three rows in Table 1 report a measure of turnover and the spread in both interest
rate differentials and output gaps in each of the five output-gap-sorted portfolios. The turnover
measure is slightly higher than reported in the literature for carry trade strategies but lower
than momentum strategies (see, e.g., Menkhoff et al., 2012a,b). We note a tendency exists
for interest rate differentials to increase as we move from P; to Ps, albeit nonmonotonically;
however, the spread is rather low, consistent with the fact that the returns of the GAP strategy
are not driven by interest rate differentials. Instead, the spread in output gaps is large as we
move across portfolios: for the all countries sample it ranges from a 3.08% negative output gap
in P; to 3.01% positive output gap in Ps.

Panel B of Table 1 presents statistics on the main currencies entering each portfolio. It is
useful to examine the identity of the currencies that enter the portfolios and particularly the
corner portfolios of the GAP strategy. The Swiss franc (CHF), a typical carry funding currency,
appears frequently in both P, and Ps, as does the New Zealand dollar (NZD), a typical carry

0For example, for our sample of all (developed) countries, carry (CAR), momentum (MOM), and value
(VAL) generate Sharpe ratios of 0.72 (0.55), 0.27 (0.15), and 0.20 (0.43), respectively.

UFor comparison, we present the equivalent descriptive statistics for forward-premia-sorted (carry) portfolios
in Table A.1 of the Internet Appendix.
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investment currency. The results in Panel B reveal that the GAP strategy has no typical weak
or strong currencies, which makes sense: output gaps are stationary cyclical deviations from
long-run growth trends, and therefore weak and strong currencies change over our long sample
as countries move in and out of booms and recessions.

Table 2 reports a battery of correlation coefficients between the returns from the GAP
strategy and the returns from CAR, MOM, VAL, and a ‘market’ portfolio that is equally
long in all currencies against the U.S. dollar, termed DOL.'? The results are reported for
both samples of all countries and developed countries and for both the full sample and two
subsample periods of equal size. The main point arising from this table is that the returns
of the GAP strategy are largely uncorrelated, not only with carry, but with all the standard
currency portfolios. For example, during the full sample period the correlation ranges from
—0.15 with DOL to 0.15 with MOM for the sample of all countries. This result tentatively
suggests the GAP strategy contains novel economic information in its own right and is not a
mechanical relabeling of an existing currency strategy or factor.'

Overall, the currencies of strong economies with relatively high output gaps have higher
excess returns than currencies of weak economies with relatively low output gaps, consistent
with the main hypothesis stated in Section 2. Surprisingly the returns are driven by the FX
component and are uncorrelated with the returns of popular currency investment strategies.
The finding also raises the tantalizing prospect, to which we turn, that business cycles contain

novel pricing information for the cross-section of currency returns.

5 Asset Pricing Tests

This section presents cross-sectional asset pricing tests designed to assess whether a business

cycle factor is priced in the cross section of currency returns.

Methodology. We denote the discrete excess returns on portfolio j in period t as Rth.
In the absence of arbitrage opportunities, risk-adjusted excess returns have a price of zero and

satisfy the following Euler equation:

12The DOL factor was first proposed in the work of Lustig, Roussanov, and Verdelhan (2011). Verdelhan
(2015) highlights the importance of DOL as a risk factor, while Lustig and Richmond (2015) find that exchange
rate loadings on the DOL factor are related to a country’s distance from the base country.

13We also calculate the correlation with the global imbalance factor of Della Corte, Riddiough, and Sarno
(2016) and find that it is virtually zero.
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Ey[My RX,) = 0 ®)

with an SDF linear in the pricing factors f;,, given by

My =1-10 (ferr1 — 1) 9)

where b is the vector of factor loadings, and u denotes the factor means. This specification
implies a beta pricing model in which the expected excess return on portfolio j is equal to the

factor risk price A times the risk quantities 3. The beta pricing model is defined as

E[RX7] = N (10)

where the market price of risk A = X¢b can be obtained via the factor loadings 0. X =
E [( fi—w) (fe — ,u)/], is the variance-covariance matrix of the risk factors, and 47 are the re-

gression coefficients of each portfolio’s excess return RXj,, on the risk factors fii;.

Risk Factors and Pricing Kernel. = The recent literature on cross-sectional asset pricing in
currency markets has considered a two-factor SDF. The first risk factor is the expected market
excess return, approximated by the average excess return on a portfolio strategy that is long
in all foreign currencies with equal weights and short in the domestic currency — the DOL
factor. For the second risk factor, the literature has employed several return-based factors such
as the slope factor (essentially CAR) of Lustig, Roussanov, and Verdelhan (2011) or the global
volatility risk factor of Menkhoff et al. (2012a).

Following this literature, we start from a two-factor SDF with DOL as the first factor, and
the second factor as the C AR factor of Lustig, Roussanov, and Verdelhan (2011), which has
been proven to be very successful at pricing carry portfolios. We then augment this two-factor
SDF with a business cycle factor, constructed as the Ps-P; excess return from the GAP strategy

implemented above.

Test Portfolios. We consider three sets of test portfolios, increasing in the number of
portfolios. We first consider the five output-gap-sorted portfolios, which constitute a small
set of test assets for the purpose of asset pricing tests. Lewellen, Nagel, and Shanken (2010)
show that a strong factor structure in test asset returns can give rise to misleading results in

empirical work, and this outcome is especially the case in small cross-sections. Therefore, we
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also conduct asset pricing tests on: 10 portfolios sorted on currency value and momentum (i.e.,
out-of-sample test assets where the sorting variable is neither carry nor the output gap); and
a larger cross-section of 20 portfolios which comprises the 5 portfolios sorted on output gap,
plus 5 portfolios sorted on forward premia (carry), 5 portfolios sorted on momentum, and 5

portfolios sorted on value.

Cross-Sectional Regressions. Table 3 presents the cross-sectional asset pricing results,
including estimates of factor loadings b and the market prices of risk A\. The factor loadings b are
estimated via the Generalized Method of Moments (GM M) of Hansen (1982). To implement
GM M, we use the pricing errors as a set of moments and a prespecified weighting matrix. Since
the objective is to test whether the model can explain the cross-section of expected currency
excess returns, we only rely on unconditional moments and do not employ instruments other
than a constant and a vector of ones. The first stage GM M estimation used here employs an
identity-weighting matrix, which tells us how much attention to pay to each moment condition.
With an identity matrix, GM M attempts to price all currency portfolios equally well.

We report estimates of b and A, and standard errors based on Newey and West (1987). The
model’s performance is evaluated using the cross-sectional R? and the H.J distance measure
of Hansen and Jagannathan (1997), which quantifies the mean-squared distance between the
SDF of a proposed model and the set of admissible SDFs. To test whether the HJ distance
is statistically significant, we simulate p-values using a weighted sum of x? distributed random
variables (see, Jagannathan and Wang, 1996; Ren and Shimotsu, 2009). The p-values of the
H J distance measure are reported in brackets.

Starting from Panel A of Table 3, we ask whether a two-factor model including DOL and
C AR portfolios can price the three sets of test assets described above. We focus our interest on
the sign and the statistical significance of the market price of risk A attached to the C AR factor
and of the associated factor loading b.'* We find that this SDF specification, which is known
to be powerful at pricing carry portfolios, does not explain satisfactorily the cross-sectional
variation of currency excess returns.

The only case where C'AR enters with both a statistically significant factor loading and
price of risk is for the broad cross-section of 20 assets, which is the only cross-section that

includes carry portfolios. Yet, even in this case the R? is a modest 33%. Therefore, it seems

14In general, throughout the literature on currency asset pricing, DOL does not display a significant price
of risk in cross-sectional tests, and the factor loadings of different portfolio returns do not show a significant
spread. This finding occurs with our results as well.
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plausible to argue that the statistical significance of CAR is due solely to its ability to price
portfolios sorted on forward premia, and that an additional source of risk is missing in the SDF
specification in order to price the GAP portfolios or broader cross sections of test assets.

Indeed, when augmenting the SDF specification with the GAP factor, we find that both the
loading and the price of risk for the GAP factor enter with positive and statistically significant
coefficients. Moreover, C AR remains significant in the cross section of assets that includes
carry portfolios. The R? for the three-factor model including the DOL, CAR and GAP factors
is substantially higher (in the range between 59% and 97%) than the two-factor specification
that excludes GAP (where the range is between -17% and 33%). Further support in favor of
the pricing power of the SDF specification that includes the GAP factor comes from the fact
that the H.J distance is statistically insignificant in each of the asset pricing tests carried out.

In Table A.2 of the Internet Appendix we report cross-sectional asset pricing results for
a linear two-factor SDF including just the DOL and GAP factors. The results confirm that
the GAP factor is priced (the factor loadings and risk prices are always highly statistically
significant) in each model and performs particularly well at explaining value and momentum
portfolios, the latter being known to be especially difficult to explain using standard risk factors
(e.g., Menkhoff et al., 2012b).1?

Overall, the results corroborate the earlier evidence that business cycles provide a novel
source of information in determining currency excess returns while, unlike existing factors,
the pricing power of GAP extends beyond portfolios sorted on carry, and is detected in cross

sections of test assets that include output gap-, momentum-, and value-sorted portfolios.

6 The GAP Strategy in Real Time

6.1 Out-of-sample results

The GAP strategy has so far been implemented in-sample, in that the output gap is constructed
by applying the HP filter to revised industrial production data across the full sample for each
country, which is clearly unavailable in real time. This unavailability is not a major concern,
since we are primarily interested in testing the theoretical predictions described in Section 2
using the most accurate measure of the business cycle each period. In practice, however, the

returns in Table 1 cannot be obtained in real time both because the data are revised and because

15In Table A.3 of the Internet Appendix we present analogous results to Table 3, replacing the C AR factor
with the volatility factor of Menkhoff et al. (2012a). The results are qualitatively identical and confirm the
benefit of including the GAP factor in a currency market SDF.
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the standard two-sided HP filter is not purely backward looking since it uses observations at
t+1i (i > 0) to construct the time-t output gap. A recursive setting would need to be used
in real time, which assumes that only current and past states influence the current observation
of the output gap, essentially a one-sided HP filter. But the latter is well known to produce
much less precise estimations of the current output gap (see, e.g., Stock and Watson, 1999;
Orphanides and Van Norden, 2002).'6

Hamilton (2016) provides a quantitative analysis of the main drawbacks of the HP filter
and suggests an alternative procedure for detrending output and measuring the output gap to
achieve the objectives of the HP filter without the drawbacks. We use the Hamilton procedure
in our out-of-sample analysis. Specifically, Hamilton (2016) proposes an alternative concept of
the cyclical component of a trending series, defined as the difference between the value at date
t + h and the value that we would have expected based on its behavior through date ¢. Thus,
he suggests estimating by OLS a regression of output at time ¢ 4+ A on a constant and four lags
of output as available at time ¢ and then using the residuals to remove the trend; we follow
Hamilton (2016) and set h equal to 24 (i.e., two years ahead relative to time t), implementing
the procedure recursively conditioning only on data available at the time of sorting. The real-
time data begin in December 1999. These vintage data mimic the industrial production data
an investor could have used if implementing the GAP strategy in real time, accounting for
both delays in data releases and revisions. Full details of these real-time ‘vintage’ industrial
production data are described in Section 3.

Using the same data, we also consider a simpler measure of output gaps constructed using
the one-year growth rate in industrial production, which we refer to as ‘industrial production
momentum.” The one-year growth rate in industrial production is, admittedly, a crude measure
of the output gap because it essentially assumes potential output is a random walk with drift
plus a stationary error term, so that the cycle (output gap) component can be recovered simply
by differencing the time series of industrial production. However, this calculation has the benefit
of simplicity and easy replicability.'”

In Panel A of Table 4 we report the results from implementing the GAP strategy when
forming portfolios on the basis of the Hamilton procedure and industrial production momentum.

Owing to the removal of pre-euro currencies, the number of developed market currencies drops

16Indeed, when we apply a one-sided HP filter recursively estimated on revised data for industrial production,
these drawbacks become clear as the predictability recorded in Table 1 vanishes out-of-sample.

1"Tn related work, Dahlquist and Hasseltoft (2016) find a measure of industrial production growth generates
positive currency returns, which the authors view as a way to profit from momentum in economic activity.
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substantially post 1999, and therefore we concentrate on the larger sample of developed and
emerging market currencies. Starting from the results using the Hamilton (2016) output gap
series (left-hand side), we observe that, although the increase in returns from Portfolio 1 to
Portfolio 5 is not monotonic, a substantial spread occurs in the returns of the two corner
portfolios. The real-time GAP return is 4.16%, and the corresponding Sharpe ratio is 0.60.

The results are not driven, however, by the corner portfolios. Indeed, the linear and rank
weighting techniques, which use the entire set of currencies each period, generate higher Sharpe
ratios of 0.72 and 0.69, respectively. Once again, the predictive power stems mainly from spot
rate predictability rather than interest rate differentials: approximately 90% of the total return
is delivered from the FX component across the three sorting procedures.

On the right-hand side of Table 4, we report results sorting on one-year industrial production
momentum. The results suggest the GAP strategy continues to perform well with statistically
significant excess returns and respectable Sharpe ratios, albeit lower than those delivered by
the Hamilton’s procedure. For the real-time one-year growth rate, the Sharpe ratios are be-
tween 0.44 and 0.48 across the three sorting procedures, and again the returns stem from the
predictability of spot exchange rates, consistent with our previous results.

We view these preceding results as conservative in at least two dimensions. First, the
real-time industrial production data are assumed to arrive at month’s end. Instead the data
are released during the month, and hence our portfolio formation takes place with a short
time lag. Second, investors have considerable information at their disposal. Conditioning on
a broader set of variables, known to be related to the business cycle, would likely produce
superior portfolio sorts. To explore this possibility, we extend the real-time analysis with an
alternative measure of output gaps. Real-time estimates of the output gap produced by the
OECD use a wide information set to produce composite leading indicators (CLIs). Therefore,
in addition to the industrial production data, we employ the CLIs produced by the OECD to
examine the implications of using real-time measures of the business cycle across countries.

In Table 5, we report the results when currencies are sorted each period by the real-time
amplitude-adjusted CLI (described in Section 3). In the left-hand panel we report results based
on the GAP strategy being implemented using the most recently released data point. The excess
return (Sharpe ratio) of the GAP strategy is 6.40% (0.85) and is again driven entirely by spot
predictability; in fact, the interest rate differential contributes negatively to the total return.
Sharpe ratios are lower when using linear and rank weights, but they remain respectable and

in the range recorded for earlier tests.
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In the right-hand panel of Table 5, we again form portfolios by sorting currencies by the
real-time amplitude-adjusted CLI. This time, however, we use the fact that CLIs are designed to
forecast industrial production approximately two quarters ahead. We therefore sort currencies
by the CLI observed six months earlier. For example, in December 2006, we sort countries
by the measure of amplitude-adjusted CLI available in June 2006. This formation provides a
more difficult real-time benchmark by requiring relatively stale information to have value when
sorting currencies. Nonetheless, we again find the GAP strategy performs well. Indeed the
G AP strategy has a comparable excess return of 5.51% and Sharpe ratio of 0.69, which reflects
the currency composition across the two sorting procedures remaining quite similar (see Panel
B of Table 5).

Overall, the results reported in this section suggest the out-of-sample GAP strategy per-
forms well and displays the same basic properties as its in-sample counterpart, albeit with
slightly less impressive investment performance, as one would expect. Across the alternative
methods, the majority of the excess returns are derived from predicting the spot exchange rate
component, suggesting the underlying drivers of the GAP strategy returns are different from
carry and other popular currency strategies. This finding indicates that the GAP strategy may

be a useful complement to other widely studied currency strategies, which we investigate next.

6.2 Combining GAP with other currency strategies

Taken together, the previous results suggest that the G AP strategy has creditable excess returns
overall, low correlation with conventional currency strategies, and the appealing characteristic
of strong predictive power for spot exchange rate returns. The importance of these features is
twofold. First, a currency investor would likely gain substantial diversification benefits from
adding GAP to a currency portfolio to enhance risk-adjusted returns. Second, a spot cur-
rency trader interested in forecasting exchange rate fluctuations (as opposed to currency excess
returns) might value the signals provided by output gaps.

To better understand the value of the GAP strategy for a currency investor, we compute
two optimal currency portfolios for an investor who uses up to five strategies — DOL, CAR,
MOM, VAL and GAP. Specifically, consider a portfolio of N assets with covariance matrix
Y. The global minimum volatility portfolio (GMV') is the portfolio with the lowest return
volatility, and it represents the solution to the following optimization problem: min w'Xw
subject to the constraint that the weights sum to unity w’c = 1, where w is the N x 1 vector of

portfolio weights on the risky assets, ¢ is a N x 1 vector of ones, and ¥ is the N x N covariance

23



matrix of the asset returns. The weights of the global minimum volatility portfolio are given

1,
UYLt

by w =

The target return portfolio (TAR) is a portfolio with the lowest return volatility for a
target return of 4% per annum, and it represents the solution to the global minimum volatility
problem with the additional constraint that w’y = 0.04, where p is the N x 1 vector of expected
strategy returns. We compute the optimal weights, using an expanding window where we use
data between October 1983 and December 1999 (available in real time at December 1999) for
the initial estimation of means, covariances, and optimal weights. We then move out-of-sample,
using the industrial production data described in Section 3. We also construct a (suboptimal)
portfolio that places the same weight on every strategy for each period (EW P). All three
calculations — global minimum volatility, target return, and equally weighted portfolio — are
consistent with an out-of-sample setting.

The results are reported in Table 6 for the case in which investors use all five strategies
(DOL, CAR, MOM, VAL and GAP) in Panel A and the case in which the investor excludes
the GAP strategy in Panel B. We report results for the full sample and out-of-sample period.
The GAP strategy is computed out-of-sample using the real-time industrial production data,
and hence the out-of-sample performance is reported between December 1999 and January
2016. Comparing the results in Panels A (with the GAP strategy) and B (without the GAP
strategy) of Table 6 reveals that including the GAP strategy in the menu of strategies used by
a currency investor delivers substantially higher excess returns and Sharpe ratios. For example,
the Sharpe ratio of the minimum volatility and target return portfolios is 0.89 in the full sample.
However, this number drops to between 0.42 and 0.78 if the investor is not given access to the
G AP strategy and only employs the other four currency strategies.

In the case of the target return portfolio, the Sharpe ratio is also statistically higher at the
5% level based on Ledoit and Wolf (2008) p-values. The optimal weight assigned to the GAP
strategy is economically significant and falls in the range between 20.0% and 25.4%. While
the investment performance of the overall portfolios drops when moving out-of-sample, a clear
improvement continues to be observed, including up to a 40% increase in the Sharpe ratio,
when the GAP strategy is included. Overall, we view these findings as a confirmation of the
value the GAP strategy adds when included in a currency portfolio, driven by its desirable

correlation properties with existing currency-based strategies.
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7 GAP and the Carry Trade: Theoretical Implications

The empirical analysis has so far revealed robust support for the hypothesis stated in Section 2:
strong economy currencies generate higher expected returns both in-sample and out-of-sample
and a business cycle factor is priced in the cross-section of currency returns. These findings
provide support and guidance for the macro-finance literature that incorporates cyclical state
variables (factors). But the theoretical macro-finance literature also typically views its models
of currency excess returns as a way (in part) to explain carry trade returns (Colacito and Croce,
2013; Farhi and Gabaix, 2016). We have already observed, however, that the returns of the
G AP strategy is virtually uncorrelated with carry trade returns.

In this section, we revisit the theoretical framework outlined in Section 2, to discuss possible
reasons for this lack of correlation between GAP and carry, and consider how future theoretical

developments may seek to reconcile the differences.

7.1 Asymmetric long-run interest rates

In the habit model, surplus consumption is persistent but stationary: a strong economy is
thus unlikely to have permanently higher surplus consumption than its neighbor. Indeed, in
the empirical analysis we find relatively little persistence in currencies entering the extreme
output-gap-sorted portfolios. The New Zealand dollar, Norwegian krone, and Swiss franc all
frequently enter both the highest and lowest output gap portfolios. In contrast, interest-rate-
sorted portfolios are highly persistent. The Swiss franc and Japanese yen enter the low interest
rate portfolio in over 80% of the sample months, while the Turkish lira, Brazilian real, and
Mexican peso enter the high-interest-rate portfolio in most months they appear in the sample.

These empirical observations indicate that persistent interest rate differentials are required
to explain carry trade returns. In Verdelhan’s (2010) original habit model, the real interest

rate in an economy is given by

e = —10g(8) + 19 — (1 — 0)(st — 5) — L2 (1 4 A(sy))?

2
=7 — B(s; — 3)

(11)

where 3 is the time discount factor, 7 is the parameter governing the curvature of the utility
function, ¢ is average consumption growth, 6 is the AR(1) coefficient driving surplus con-

sumption, § = log(.S) is the steady-state surplus consumption ratio, and o is the volatility of

consumption growth. The function A(s;) determines how habits are formed from past aggregate
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consumption, 7 = —log(f) + vg — %252—2 and B =~(1 —0) — . Interest rates are procyclical
when B < 0. The interest rate is therefore a function of time-varying surplus consumption
and fluctuates around a long-run level. Crucially, both countries are assumed to have the same
long-run interest rate. The assumption is intuitive because it is unclear how a real interest
rate differential could persist since capital flows should, in the long run, drive down the cost of
borrowing in high real interest rate economies.

To generate this prediction, the parameters defining average real interest rates (3,7, 9,0, 7, S)
are assumed to be the same in both economies. Any asymmetry in these parameters would
induce differences in long-run real interest rates. Evidence exists to suggest that, at least in the
medium run, differences do persist. Engel and Rogers (2009), for example, provide empirical
evidence that long-run consumption growth rates (¢ in the model) are persistently different
across countries over long periods and may not converge due to differences in long-run income

growth. If consumption growth differs in the two economies, it implies the real interest rate

differential can be written as

re—rf =7 —7"— B(s — s}), (12)

where the average interest rate differential 7 — 7 is equal to v(g — g*). Verdelhan (2010) argues
that B can reasonably be expected to be negative, implying that when the domestic economy
experiences bad times (recessions) and surplus consumption is low relative to foreign surplus
consumption, the domestic interest rate decreases. But with 7 £ 7*, high frequency changes in
the state of the economy do not necessarily drive interest rate differentials.

Furthermore, given E;(Agiy1) = Ei(rf, ) + r — 77, the expected real exchange rate return

is equal to

20.2 . i
Ei(Ag) = (st — s1) + (r —17)

= (r =)+ (1 = 0)(s; —s0).

(13)

The above expression suggests the expected exchange rate return is related to two components:
(i) a static long-run interest rate differential 7 — 7 (high interest rate currencies depreciate on
average, which is true in the data), and (ii) the differential in surplus consumption ratios s; — s;
(high surplus consumption currencies appreciate on average). The standard carry trade strategy
generates currency returns that are dominated by the static component in long-run interest

rates: currencies that have persistently high interest rates or forward premia pay significantly
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higher expected excess returns than currencies with persistently low interest rates or forward
premia (see e.g., Hassan and Mano, 2015). More importantly, Equation (13) suggests there is
a separate predictive role for the state of the economy that is distinct from the static long-run

differences in interest rates across countries.

7.2 Simulation

A natural question is to ask whether differences in consumption growth rates can quantitatively
account for the lack of correlation between GAP and the currency carry trade. We investigate
this question by simulating a version of the external habit model and provide evidence on the
cross-sectional correlation; in this case, two currencies are sorted based on simulated surplus
consumption and interest rate differentials.

In Table 7, we report the quarterly external-habit model parameters based on those com-
monly used in the literature (Wachter, 2006; Verdelhan, 2010; Campbell, Pflueger, and Viceira,
2015) that we adopt in the simulation. We are interested in understanding the extent to which
currency sorts are correlated based on surplus consumption (the true unobservable state vari-
able) and interest rates. In a symmetric model with no difference in long-run consumption
growth rates, surplus consumption and interest rates move one to one, but this situation is not
true in a model in which g # g*.

The first economy is assumed to have economic growth of 0.5% per quarter (and a long-run
real interest rate of 1.16% per annum). We vary the long-run consumption growth of the second
economy between 0.5% (symmetry) and 1.0% per quarter (equating to 2% higher consumption
growth per year). In Equation (11), long-run real interest rates are a linear function of the
long-run consumption growth rate with coefficient v. Setting v = 2.5, a long-run consumption
growth rate of 1% per quarter equates to a long-run real interest rate of 5% per annum higher
in the second economy.

We view these values as consistent with evidence in the literature. For example, Engel and
Rogers (2009) document, using survey data, that long-run expected consumption growth rates
differ greatly across countries, with the differences averaging two or more percentage points
per year and totaling 20%-25% over a ten-year horizon. Moreover, we find the cross-sectional
difference (between Ps; and P;) in average nominal (real) interest rates in our sample of all
countries is indeed very large, equal to 13.09% (7.86%). A more conservative estimate using
only two — instead of five — portfolios generates a cross-sectional difference in average nominal

(real) interest rates of 6.64% (4.41%).
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Figure 2 reports our key result. We rank the two economies in each period based on their
interest rate and surplus-consumption ratio. If the procedure ranks the currencies equivalently
we assign the period a value of 1. If the sorting procedure generates a different ranking, we
assign the period a score of -1. Each bar represents the average value across 1,000 simulations
of 30 years of quarterly data. We iterate by increasing the growth rate of the second economy
from 0.5% by increments of 0.05% up to 1%. The graph indicates whether sorting countries
(in strong and weak economies) on surplus consumption is the same as, or similar to, sorting
countries by interest rates; it also indicates how the similarity in the sort changes as we move
away from the perfectly symmetric benchmark with g = ¢* = 0.5%.

The result suggests interest rates and surplus consumption imply the same cross-sectional
ranking only if growth rates are equal. The more long-run consumption growth rates differ,
the less related the ranking implied by surplus consumption and interest rates. Put another
way, different long-run growth rates across countries imply different real interest rates across
countries, and the larger the difference in these growth rates, the less real interest rates are
related to the state of the economy. In sum, depending on the magnitude of the average real
interest rate differential, sorting currencies on output gaps could generate very different portfo-
lios relative to carry portfolios sorted on interest rate differentials. It is therefore unsurprising

that empirically the carry trade and the GAP strategy deliver uncorrelated portfolio returns.

Caveat. Long-run interest rate differentials may arise for reasons other than persistent con-
sumption growth differentials; for example, they may be due to different subjective discount
factors across countries (if certain cultures have greater propensity to save at a given interest
rate), or because of asymmetric inflation risks and money supplies (Jylh& and Suominen, 2011).
Our above discussion highlights one possible channel that is a quantitatively and empirically
valid source of asymmetry. Primarily, we hope the discussion highlights the need for further re-
search to shed light, both theoretically and empirically, on the causal factors that determine the
persistence of long-run interest differentials which can help explain carry returns as a separate

strategy and factor to GAP returns and the business cycle factor.

8 Further Analysis

8.1 Alternative Measures of Output Gap

Our benchmark result in Table 1 is obtained by constructing the GAP strategy sorting on

the HP-filtered output gap. We also consider alternative measures of detrending industrial
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production to check whether the results are robust. In Tables A.4 to A.7 in the Internet
Appendix we report results in the same format as Table 1, but we sort currencies on output
gap measures obtained using a linear time trend, a quadratic time trend, the Baxter-King
filter, and the Hamilton filtering procedure, respectively. The linear and quadratic time trends
approximate potential output as a deterministic process, whereas the Baxter-King filter allow
potential output to follow a stochastic trend. The Hamilton procedure was already used in
Table 4, but it is now applied using the full sample period.'®

The results suggest that, for each of these alternative output gap measures, the GAP strat-
egy provides appealing Sharpe ratios, although they vary across specifications. Depending on
the sample of countries and the portfolio strategy employed, the Sharpe ratio is in the range
between 0.43 and 0.63 for the linear time trend (Table A.6), between 0.49 and 0.74 for the
quadratic time trend (Table A.7), between 0.60 and 0.77 for the Baxter-King filter (Table A.8),
and between 0.37 and 0.59 for the Hamilton procedure (Table A.9). The properties of the
returns appear very similar as well. In particular, the bulk of the GAP excess return stems
from the predictability of the cross-section of spot exchange rates rather than interest rate

differentials.

8.2 Alternative Base Currencies

Up to now we have taken the perspective of a U.S. investor by calculating excess returns and
building dollar-neutral portfolios. As a robustness check, we depart from this base scenario
and run calculations with four alternative base currencies. Specifically, we construct the GAP
strategy from the separate perspectives of Eurozone, British, Japanese, and Swiss investors.
The results are reported in Tables A.8 to A.11 in the Internet Appendix, and they indicate
that excess returns from the GAP strategy have similar characteristics to the ones reported
in Table 1. This outcome is reassuring since it makes clear that the United States does not
play a key role in driving our results, which are qualitatively identical regardless of whether
the currency portfolios are dollar-neutral or not. We conclude that our results are not specific

to a U.S. investor.

8The Baxter-King band-pass filter is based on a frequency-domain approach that removes low-frequency
components in a time series to isolate the component at business cycle frequency. We compute the output gap
country by country, for each of the alternative filters.
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8.3 Transaction Costs

The results reported till now do not consider transaction costs because our primary focus is
on understanding the dynamics of currency excess returns and the relationship with relative
output gaps in the cross-section of currencies. However, an interesting issue is whether the
G AP strategy returns remain large after accounting for transaction costs. To examine this
question, we compute net excess returns for GAP portfolios by adjusting for bid-ask spreads.'?
We report results for net excess returns for our benchmark result over the full sample period
from 1983, using the HP filter (see Table A.12 in the Internet Appendix for comparison with
results for gross returns in Table 1). The results suggest that the Sharpe ratios from the GAP
strategy remain attractive even after accounting for transaction costs, equal to 0.62 and 0.52
for the two samples examined.

We also report out-of-sample results using the Hamilton detrending procedure on real-time
data, industrial production momentum, and the OECD CLI data. These results further confirm
that the performance of the GAP strategy remains attractive after costs, with Sharpe ratios in
the range between 0.30 and 0.68 (see Table A.13 in the Internet Appendix for comparison with

results for gross returns in Tables 4 and 5).

9 Conclusions

A fundamental challenge in asset pricing is to ‘understand and measure the sources of macroe-
conomic risk driving asset prices’ (Cochrane, 2005). Yet, a large literature in international
macroeconomics and finance has attempted, with limited success, to establish any meaning-
ful link between currency excess returns and macroeconomic fundamentals. In this paper, we
provide evidence that business cycles are an important determinant of the cross-section of ex-
pected currency returns. Our primary result is that currencies issued by strong economies (high
output gaps) command higher expected returns, which compensates more risk-averse investors
in weak economies. This finding holds both in-sample and out-of-sample and is robust to a
battery of tests. Moreover, we find that a business cycle risk factor that captures the spread
in output gaps across countries is priced in the cross section of currency excess returns that

includes portfolios sorted by carry, value and momentum.

9The bid-ask spread data available are for quoted spreads and not effective spreads. Because it is known
that quoted spreads are much higher than effective spreads, we follow earlier work (e.g., Goyal and Saretto,
2009; Menkhoff et al., 2012a, 2017), and employ 50% of the quoted bid-ask spread as the actual spread. Even
this number seems conservative: Gilmore and Hayashi (2011) find transaction costs due to bid-ask spreads are
likely to be much lower than our 50% rule.
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These findings are important for the broad theoretical literature seeking to explain the
macroeconomic drivers of currency premia. A commonality among many macro-finance models
is that business cycles are important for country-level discount factors. We identify a clear
link between business cycles and currency excess returns that can help shape future theoretical
advances. We also highlight a potential challenge associated with symmetric models in which
all countries are assumed to have the same long-term interest rate. Explaining carry trade
returns requires persistent interest rate differentials, which we highlight could be driven by
long-run consumption growth differentials. Our results are also important for global investors:
a strategy based on exploiting cross-country differences in business cycles is largely uncorrelated
with popular currency investment strategies, including the carry trade, and therefore offers
attractive diversification opportunities.

In future work, researchers could explore alternative sources of country-level asymmetry
and seek to endogenize persistent differences in interest rates, perhaps linked to central banks’
optimization problems. Empirical researchers may wish to explore alternative ways to measure
business cycles, using richer financial and economic datasets, as a fruitful avenue to break new

ground in exchange rate determination and predictability.

31



Appendix

The Habit Model of Currency Excess Returns

Preferences and consumption behavior. Consider a two-country world where the repre-
sentative investor in each country is assumed to have external habit preferences:

Cy— Hy)' 7 —1 o (S:C)' 7 =1
1—7 B 1—7
where C} is consumption, H; is the time-varying ‘habit’ or subsistence level of consumption,
and S; = (Cy — H;/C}) is the surplus consumption ratio. The curvature of the utility function

is controlled by the parameter v, which also determines risk aversion: —C,U"/U" = ~/S;.

The logarithm of consumption in the domestic country is assumed to follow a random walk
with drift

b, = (A1)

Aciy1 = g+ &4 E~iid N(0,07) (A2)

where ¢; = log(C}), and g is the average consumption growth in the domestic economy. We
assume the error term is comprised of both a common ‘global’ shock (w,) that determines the
risk premia in the model, and an idiosyncratic shock (w;) that can be diversified away in a
portfolio of multiple currencies

2
Ei1 = Wy i1 + Wirr1, wg,w; ~ Lid. N(O, U—) and cov(wgy,w;) = 0. (A3)

V2

Surplus consumption. The log surplus consumption ratio is defined as in Campbell and
Cochrane (1999) and Verdelhan (2010) as a stationary AR(1) process with time-varying volatil-

1ty

Sir1 = (1 = 0)5 4 s + N(s¢)&aq (A4)

where 5 = log(.9) is the steady-state surplus consumption ratio, € is the persistence parameter,
and A(s;) is a sensitivity function determining how habits are formed from past aggregate
consumption. The sensitivity function is chosen such that habits are predetermined around the
steady-state level

_ 1/1—=2(s, —5) —1, if >
A<st,5>:{s T (A5)

0, otherwise

where S0, = 5+ (1 —S%)/2and S = 0o 1_97_2-20
-

Pricing kernel. Given the functional forms taken by preferences and the surplus consumption

U

(t]fl can be shown to
t

ratio, the Stochastic Discount Factor (SDF) or pricing kernel, M, = /8

equal?!

20The definition of S follows Verdelhan’s (2010) innovation of including the term B/v to generate time-
variation in interest rates, as it will become clear later.
21 Augmenting the model with the output gap specification described in Section 8.1, the SDF can equivalently

gap

be written as My, = fe~ 010 =+ RA) BT —6ul")).
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Spy1 Cryr) (= (1—0)(s4—5 _
M. = — Be (9= (1=0)(st=8)+(1+A(s1)) (Act+1-9)) A6
w=p (%) o (6)
Under the standard no-arbitrage condition with complete markets, a single SDF can be shown
to discount all returns equal to a price of 1 in both domestic and foreign markets, so that

1 =E; M1 Riq], 1 =E:[M; Ry, ] (A7)

where the superscript * refers to foreign country variables. If domestic and foreign investors are
allowed to trade in each others’ security, the condition also applies to foreign returns earned by
the domestic investor, once the returns are converted back into the domestic currency. Thus
E M R = Et[MtHRtH Qé“], where Q¢+1/Q: is the real exchange rate return, and @) is
defined as the price of domestic currency per unit of foreign consumption.

Under complete markets it must therefore be the case that M} | = M;11Q41/Q; and thus
the exchange rate return can be defined in terms of the foreign and domestic SDF's

Qi1 . My,

Qe My

Then, assuming that pricing kernels are lognormally distributed delivers the familiar expres-

sion that the expected log currency excess return is related to the difference between domestic
and foreign log SDFs:

(A8)

1 1
Et(r,fH) =EAq1 +7f — 1 = EVart(th) — §Vart(m,’f+1) (A9)

where ¢; = log(Q;) and r; = —log(E;[M;,4]).*?

Real interest differentials and surplus consumption. Within the model, the domestic
real interest rate is equal to R/ = 1/E;[M,,4], which from Equation (A6) can be seen to equal

2 2

ri = —log(8) + 79 = 7(1 = 0)(s: = 5) = T5—(1+ A(s1))’ (A10)
=7 — B(s; — 3)

where 7 = —log(8) +vg — 252 S and B=~(1-6)—
when B < 0.

Assume for simplicity that the representative investors in the domestic and foreign economies
share the same risk aversion and time preference coefficients ( and f = %), are exposed
to the same variance and growth of consumption growth (02 = 02", g = g*), and experience
the same persistence and steady-state level of surplus—consumptlon (0 = 0* and S = S*). Then
the foreign real interest rate is

52 ; and thus interest rates are procyclical

,)/20.2

2

ry = —log(B) +vg" —y(1 = 0)(s; — 5) — (1+A(s))?

=7 — B(s! — 3).

(A11)

Thus the real interest rate differential between the domestic and foreign economies can be
written as

228ee Backus, Foresi, and Telmer (2001) and Verdelhan (2010) for full details.
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re —r; = —B(s; — s7), (A12)

which is Equation (2) in the paper. As argued by Verdelhan (2010), B can reasonably be
expected to be negative, implying that when the domestic economy experiences bad times and
surplus consumption is low relative to foreign surplus consumption the domestic interest rate
decreases.

Combining the expressions for the SDF in Equation (A6) and currency excess returns in
Equation (A9), the log currency excess return can be seen to equal a function of the surplus
consumption differential

2
52
where it is now clear that ( = ”’;;’2 > 0 in Equation (1). It follows that a strategy which buys
high surplus consumption currencies and sells low surplus consumption currencies is expected

to generate a positive currency excess return. Furthermore, given Ey(Ag1) = Ei(ry ) +re—17,
the expected real exchange rate return is equal to

Ei(rip) = (st = s1). (A13)

20.2

’y * *
Ei(Agy1) = W(St — 8¢) + (1t — 77) (A14)
=71 = 0)(s; — 5¢).
Rearranging, it can be seen that the real exchange rate follows the process

Agepr = (1 = 0)(si — s0) + (1 + Alse)) &1 — (1 + A7) (A15)

Using Equations (A12) and (A14), the currency return each period is therefore equal to

V2o

rin = gy (50 = st H (LA AGe))Een — v (14 Als))e - (A16)

In the empirical analysis we constructed portfolios of currencies sorted by output gaps (as
a close proxy for surplus consumption). With a sufficiently large number of currencies (V)
within a portfolio the idiosyncratic shocks will tend towards zero in the limit. That is,

Wn

limy 00 25:1 22 = 0. The portfolio return of the GAP strategy is therefore given by Equation
(3).
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Table 1:
Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio

PANEL A: Descriptive Statistics

All Countries Developed Countries

output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P Ps Py Ps; (P5-P;) weights weights P, P, Ps Py Ps (P5-P;) weights weights
mean (%) -0.25 0.96 2.77 4.00 6.41 6.66*** 2.99¥** 5 ggx** -0.60 1.24 1.97 241  4.92 5.52%**  2.29%¥* 4 23*k**
fx (%) -2.34 -1.03 0.88 1.58 2.72 5.06 2.27 4.21 -1.17 043 098 1.41 3.75 4.92 2.01 3.79
ir (%) 209 199 1.89 241 3.69 1.60 0.73 1.18 0.57 081 099 1.00 1.17 0.60 0.28 0.44
Sharpe -0.02 0.11 027 043 0.71 0.82 0.94 0.93 -0.06 0.13 0.19 0.25 0.54 0.68 0.70 0.68
std (%) 10.18 9.09 10.12 9.32 9.05 8.14 3.19 5.79 10.25 9.63 1044 9.57 9.08 8.12 3.26 6.18
mdd (%) 425 342 239 236 244 9.0 4.8 7.4 442 342 304 29.0 244 9.0 5.5 8.6
skew -0.06 -0.47 -0.28 -0.27 -0.28 0.01 0.11 0.22 -0.01 -0.11 -0.18 -0.08 -0.04 0.25 0.27 0.46
kurt 4.49 472 475 439 3.97 4.32 4.27 4.64 460 432 419 491 3.22 5.39 4.69 5.22
ac(1) 0.03 0.09 0.08 0.00 0.11 0.03 0.10 0.12 0.05 0.07 0.06 -0.01 0.12 0.08 0.11 0.13
t/o (%) 44.5  58.0 66.7 599 444 40.0 575 70.7 584 415
o (%) 2.23  2.03 1.80 245 4.15 0.50 099 1.03 117 1.10

gap (%) -3.08 -096 011 1.17 3.01 -2.57  -0.84 0.11 098 2551

PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)

All Countries Developed Countries

Highest 274 highest 374 highest 4*" highest Highest 27 highest 374 highest 4" highest
P, CHF (26%) NZD (26%) NOK (24%) SEK (20%) CHF (27%) NZD (27%) NOK (27%) JPY (22%)
P, GBP (31%) DEM (27%) AUD (26%) CAD (23%) GBP (34%) DEM (25%) AUD (24%) CAD (24%)
Ps GBP (29%) CAD (22%) DEM (22%) MXN (18%) GBP (20%) DEM (18%) AUD (15%) CHF (14%)
P, DEM (28%) CAD (26%) GBP (24%) SEK (23%) GBP (29%) CAD (27%) DEM (26%) AUD (22%)
Ps; NOK (26%) NZD (25%) JPY (24%) CHF (19%) NOK (30%) NZD (29%) JPY (27%) SEK (22%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a Hodrick-Prescott filter. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, ** *** represent significance of
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.
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Table 2:

Currency Portfolio Correlations

All Countries

Developed Countries

1983 - 2016
GAP CAR MOM VAL GAP CAR MOM VAL
CAR ~ 0.05 CAR ~ -0.06
MOM 015 -0.10 MOM 015 -0.11
VAL 014 -0.16 -0.02 VAL 023 -0.09 -0.04
DOL -0.15 0.00 -0.11 -0.16 DOL -0.14 017 -0.08 -0.18
1983 - 1999
GAP CAR MOM VAL GAP CAR MOM VAL
CAR ~ 0.14 CAR ~ 0.12
MOM 017 -0.03 MOM 019 -0.03
VAL 005 019 -0.08 VAL 010 025 -0.11
DOL -0.07 -0.08 -0.07 -0.26 DOL  -0.02 -0.08 -0.08 -0.28
2000 - 2016
GAP CAR MOM VAL GAP CAR MOM VAL
CAR  -0.06 CAR ~ -0.26
MOM 014 -0.18 MOM 010 0.21
VAL 024 -0.56 0.06 VAL 037 043  0.02
DOL -025 009 -0.15 -0.06 DOL -027 044 -0.09 -0.09

The table presents correlations between currency portfolio returns. The portfolios are rebalanced monthly based on output gaps (GAP), forward premia (CAR),
momentum (MOM) and value (VAL). The DOL portfolio is an equally weighted portfolio with a long position in every currency against the US dollar. In each
panel, portfolios are split between those containing all countries and a smaller sub-sample of developed countries. We report full sample correlation coeflicients and
sub-samples for the first half (1983-1999) and second half (2000-2016) of the sample. The sample runs from October 1983 to January 2016. The data is described in
Section 3.
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Table 3:

Cross-Sectional Asset Pricing Tests

Panel A: All Countries

5 Test Portfolios
(output gap)
10 Test Portfolios

(value, momentum)

20 Test Portfolios
(output gap, carry,
value, momentum)

2 Pricing Factors (DOL + CAR)

3 Pricing Factors (DOL + CAR + GAP)

Factor Loadings (b) Risk Prices ()\) Model Fit Factor Loadgings (b) Risk Prices (\) Model Fit
DOL CAR DOL  CAR R  HJuu DOL GAP DOL CAR  GAP R®  HJyuu
0.25 1.63 0.02 0.23* 0.05 0.26 [0.03] 0.38* 0.92***  0.02 0.02 0.07*** 0.89 0.11 [0.17]
0.24 0.07 0.02 0.01 -0.17  0.21 [0.38] 0.64* 2.63**  0.02 0.07 0.20** 0.94 0.09 [1.00]
0.25 0.49** 0.02 0.07*** 0.33  0.31 [0.90] 0.40  0.45%F 1.02*** 0.02 0.07*** 0.08*** 0.80 0.23 [0.99]

Panel B: Developed Countries

5 Test Portfolios
(output gap)
10 Test Portfolios

(value, momentum)

20 Test Portfolios
(output gap, carry,
value, momentum)

2 Pricing Factors (DOL + CAR)

3 Pricing Factors (DOL + CAR + GAP)

Factor Loadings (b) Risk Prices (\) Model Fit Factor Loadgings (b) Risk Prices ()\) Model Fit
DOL CAR DOL CAR R? HJgist DOL GAP DOL CAR GAP R? H Jgist
0.68 -2.40 0.01 -0.31 0.13  0.18 [0.17] 0.41 0.70**  0.01 -0.09  0.06*** 0.97 0.04 [0.17]
0.32 -0.74 0.01 -0.09 0.15 0.20 [0.45] 0.55%* 1.98%*  0.01 -0.08 0.15*** 0.77 0.14 [0.92]
0.10 0.30* 0.01 0.04** 0.15  0.33 [0.87] 0.21  0.34*%* 0.84*%** 0.01  0.04** 0.06*** 0.59 0.27 [0.95]

The table presents cross-sectional asset pricing results for three sets of test portfolios. The SDF is constructed as a linear combination of DOL and CAR (2 Pricing
Factors, left-hand-side) and DOL, CAR and GAP (3 Pricing Factors, right-hand-side). We report Generalized Method of Moments (GMM) one-step estimates of

factor loadings on the pricing kernel (b’s) and prices of factor risk (A’s). The superscripts

X kk o okckk
’ ’

represent significance of the coefficients at the 10%, 5% and 1%

confidence levels using Newey and West (1987) corrected standard errors. In addition, we report goodness-of-fit statistics for each model including the R? statistic
and the Hansen-Jagannathan distance statistic (HJ) with simulated p-values in brackets. The HJ statistic measures the distance between the estimated pricing
kernel and the efficient set of permissible pricing kernels. A p-value less than 5% indicates the null hypothesis that the pricing kernel is efficient can be rejected at
the 95% confidence level. The test assets are split between those containing all countries (Panel A) and a smaller sub-sample of developed countries (Panel B). The
sample runs from October 1983 to January 2016. The data and factor construction are described in Section 3.
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Table 4:
Output-Gap Portfolios Sorted on Real-Time Industrial Production: Descriptive Statistics and Main Currencies Entering each Portfolio

PANEL A: Descriptive Statistics

Forecasted Trend Industrial Production Momentum
real-time output-gap-sorted portfolios GAP Linear Rank real-time output-gap-sorted portfolios GAP Linear Rank
P, P Ps Py Ps (P5-P1) weights weights P, P, Ps Py Ps (P5-P1) weights weights
mean (%) 1.67 1.24 -0.02 497 5.82  4.16%** 2. 11%¥* 3 71¥** 1.00 2.23 2.03 2.41 4.79 3.78** 1.42** 2.47%*
fx (%) -0.78 -0.78 -1.51 2.83 2.89 3.67 1.84 3.38 -1.07 0.07 0.00 0.01 2.43 3.49 1.38 2.27
ir (%) 245 2.02 149 2.14 2.94 0.49 0.26 0.33 2.07 2.17 2.03 240 @ 2.36 0.29 0.03 0.20
Sharpe 0.18  0.13 0.00 0.49 0.57 0.60 0.72 0.69 0.11  0.26 0.21 0.24 0.46 0.48 0.45 0.44
std (%) 9.34  9.35 9.04 10.08 10.15 6.90 2.92 5.41 9.30 854 9.60 10.06 10.45 7.83 3.14 5.66
mdd (%) 21.5 24.8 29.7 148 148 10.2 4.8 6.9 225 15.0 208 21.2 16.5 11.3 7.2 10.4
skew -0.17  -0.88 -0.59 -044 -0.27 0.18 0.27 0.05 -0.28 -0.10 -0.59 -0.26 -0.45 0.17 -0.20 -0.27
kurt 428 6.64 505 483 3.28 2.81 3.27 3.53 4.00 421 5.18 4.09 4.35 5.40 4.82 5.27
ac(1) -0.01  0.08 0.06 0.10 0.07 0.04 -0.04 -0.07 0.00 -0.02 0.08 0.06 0.06 -0.13 -0.07 -0.08
t/o (%) 20.9 40.6 44.2 436 22.3 348 54.1 543 559 35.0
o (%) 241 2.00 1.60 2.16 2.89 212 2.07 203 237 2.42
gap (%) -1.72 -0.58 0.12 083 2.24 -4.06 -0.59 1.66 3.93 8.29

PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)

Forecasted Trend Industrial Production Momentum
Highest 274 highest 374 highest 4*" highest Highest 274 highest 374 highest 4*" highest
Py NOK (68%) GBP (28%) JPY (28%) KRW (25%) NOK (48%)  GBP (40%) JPY (29%) SEK (23%)
P, GBP (54%) MXN (37%) AUD (25%) KRW (21%) GBP (38%) MXN (26%) CAD (25%) DEM (24%)
Ps CAD (36%) JPY (36%) MXN (32%) SEK (28%) MXN (41%) NZD (29%) DEM (28%) CAD (26%)
P, DEM (41%) BRL (28%) SEK (25%) CAD (24%) PLN (31%) DEM (27%) CAD (25%) MXN (24%)
Ps CZK (60%) PLN (54%) CHF (31%) TRY (29%) CZK (49%) PLN (44%) KRW (43%) TRY (28%)

The table presents descriptive statistics for currency portfolios sorted by real-time country-level output gaps (Panel A) and the main currencies entering each
portfolio (Panel B). The output trend is estimated using either a forecasting equation (Forecasted Trend, left-hand-side) or as a random walk (Industrial Production
Momentum, right-hand-side). Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, ** *** represent significance of
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.
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Table 5:
Output-Gap Portfolios Sorted on Real-Time Leading Indicator: Descriptive Statistics and Main Currencies Entering each Portfolio

PANEL A: Descriptive Statistics

Amplitude Adjusted CLI Lagged Amplitude Adjusted CLI
real-time output-gap-sorted portfolios GAP Linear Rank real-time output-gap-sorted portfolios GAP Linear Rank
P, P Ps Py Ps (P5-P1) weights weights P, P Ps Py Ps (P5-P1) weights weights
mean (%) -2.00 -0.32 1.85 -1.81 4.40  6.40*** 1.52% 2.81% -1.49 0.66 -1.20 -0.05 4.02 5.51** 1.35%* 2.62*
fx (%) -5.25 -1.92 -0.08 -8.25 2.19 7.44 1.91 3.48 -4.39 -1.06 -3.07 -1.54 1.62 6.01 1.57 2.98
ir (%) 325 1.60 1.93 1.44 @ 2.20 -1.04 -0.40 -0.66 2.91 171  1.87 149 240 -0.50 -0.22 -0.36
Sharpe -0.17  -0.03 0.18 -0.17 0.43 0.85 0.48 0.51 -0.13  0.07 -0.11 0.00 0.40 0.69 0.44 0.47
std (%) 11.50 946 10.53 10.95 10.34 7.53 3.16 5.49 11.82  9.92 10.78 10.51 10.05 7.98 3.05 5.55
mdd (%) 335 292 21.7 297 272 11.7 7.2 11.6 305 229 323 279 203 9.4 7.6 11.2
skew -0.42 -0.20 -0.36 -0.80 -0.65 -0.20 -0.15 -0.27 -0.08 0.19 -092 -0.81 -0.88 -0.47 -0.73 -0.65
kurt 3.83 378 474 469 6.36 4.91 4.90 3.21 392 4.01 6.10 452  5.83 3.52 3.97 3.50
ac(1) -0.05  0.02 0.02 0.01 024 -0.03 -0.01 0.09 -0.11  -0.03 0.11 0.07  0.18 0.06 0.11 0.08
t/o (%) 23.9 40.5 36.0 36.95 26.4 23.9 41.1 36.1 36.1 25.5
o (%) 3.25 1.60 1.85 1.44  2.20 291 1.71 1.80 149 240
gap (%) -2.82  -1.14 0.04 132 3.04 -2.93 -1.06 0.20 1.59  3.49

PANEL B: Main Currencies Entering each Portfolio (and proportion of sample in the portfolio

Amplitude Adjusted CLI Lagged Amplitude Adjusted CLI
1st 2nd 3rd 4th 1st 2nd 3rd 4th
P,  BRL (50%) CZK (32%) TRY (31%) NZD (26%) BRL (46%) CZK (32%) NZD (31%) TRY (26%)
P, CAD (35%) AUD (29%) JPY (27%) SEK (23%) AUD (33%)  CAD (32%) JPY (28%) SEK (24%)
P; AUD (44%)  GBP (42%) CAD (38%) DEM (31%) GBP (43%)  AUD (42%) CAD (36%) DEM (30%)
P, PLN (38%) KRW (30%) CHF (28%) AUD (22%) PLN (38%) CHF (32%) KRW (31%) DEM (22%)
Ps NZD (41%) MXN (37%) KRW (30%) BRL (23%) NZD (38%) MXN (38%) BRL (29%) KRW (25%)

The table presents descriptive statistics for currency portfolios sorted by real-time country-level composite leading indicators (Panel A) and the main currencies
entering each portfolio (Panel B). The leading indicator is measured as the latest datapoint (Amplitude Adjusted CLI, left-hand-side) or with a six-month lag
(Lagged Amplitude Adjusted CLI, right-hand-side). Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary
statistics for the annualized mean, which is then further split between the exchange rate (fr) and interest rate (ir) components. The superscripts *, ** ***
represent significance of the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report
the Sharpe ratio (Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient
(ac(1)). We also report the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear
and rank weights are portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details).
In Panel B we report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a
portfolio is reported in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.



Table 6:
Optimal Currency Portfolios Including and Excluding the GAP Strategy

PANEL A: Currency Portfolios Including GAP

GMV TAR EWP GMV TAR EWP
Full Sample Out-of-Sample

mean (%)  3.33%¥**  3.36%F*F  3.69%** 2.80%**  2.61H1FF  2.86%**
Sharpe 0.89 0.89** 1.01 0.77 0.72%%* 0.84
std (%) 3.74 3.78 3.66 3.65 3.64 341
mdd (%) 5.9 6.0 5.7 6.5 6.2 5.6
skew -0.26 -0.13 -0.33 -0.26 -0.11 -0.09
kurt 5.31 4.77 7.52 4.02 3.29 3.85
ac(1) 0.18 0.17 0.15 0.24 0.18 0.24
waap (%)  22.2 25.4 20.0 20.9 20.7 20.0

PANEL B: Currency Portfolios Excluding GAP

GMV TAR EWP GMV TAR EWP

Full Sample Out-of-Sample

mean (%) ~ 2.98%**  2.36%FF  3.47H** 2.35%F  1.94%* 2. 53%Hk
Sharpe 0.78 0.42 0.90 0.62 0.51 0.72
std (%) 3.85 5.56 3.84 3.76 3.83 3.53
mdd (%) 10.4 28.0 5.5 7.8 8.8 7.3
skew -0.25 0.83 -0.22 -0.34 -0.16 -0.23
kurt 5.43 12.21 6.60 4.36 3.70 4.10
ac(1) 0.17 0.11 0.15 0.22 0.15 0.24

The table presents descriptive statistics for optimal currency portfolios that combine DOL, CAR, MOM and
VAL portfolios and also includes (Panel A) or excludes (Panel B) the GAP portfolio. GMV is a portfolio that
minimizes portfolio volatility and is constructed by initially estimating means, covariances and optimal
portfolio weights between 1983-1999 and calculating out-of-sample returns over the following month. The
weights are then rebalanced monthly to incorporate new data within an expanding window. T'/AR minimizes
portfolio variance for a target return of 4% per annum. EW P is a portfolio with equal weight in each currency
portfolio. waap is the average weight allocated to the GAP strategy. We also report summary statistics for
the annualized mean return, Sharpe ratio (Sharpe), standard deviation (std), maximum drawdown (mdd),
skewness (skew), kurtosis (kurt) and first-order autocorrelation coefficient (ac(1)). The full-sample runs from
October 1983 to January 2016, and the out-of-sample period is from December 1999 to January 2016. The
superscripts on the mean returns *, ** *** represent significance of the portfolios at the 10%, 5% and 1%
confidence levels using Newey and West (1987) corrected standard errors. The superscripts on the Sharpe
ratios in Panel A *, ** *** reflect the Sharpe ratio being statistically different from that obtained without the
GAP strategy according to Ledoit and Wolf (2008) p-values. The data is described in Section 3.
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Table 7:
Simulation Parameters

Simulation Parameters

Parameter Choices

9(%) 0.50

9" (%) [0.50-1.00]

o (%) 0.51

7 (%) 0.34

~y 2.50

0 0.99

B -0.01

p 0.15
Implied Parameters

B 0.99

Shar 0.07

Siras 0.11

The table presents the parameters we use in the simulation of the two-economy habit model. We set
consumption growth (g) in the home country equal to 0.5% and adjust the foreign country consumption
growth rate (¢g*) between 0.5% and 1.0%, increasing in increments of 0.05%. Details of the simulation are
reported in Section 7 and graphical output from the simulation is presented in Figure 2.

45



97

Figure 1:

Cumulative Returns to GAP and CAR Portfolios
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The figure presents the total cumulative return (— solid blue line) to a zero-cost investment in either the GAP portfolio (top-panel) or the CAR portfolio
(bottom-panel). The total return is decomposed between the cumulative interest rate (:: dotted green line) and FX (- - dashed orange line) components. The
sample runs from October 1983 to January 2016. The data is described in Section 3.
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Figure 2:
The Impact of Asymmetric Consumption Growth

10 Correlation in Cross-Sectional Sorts on Interest Rates and Surplus Consumption
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Quarterly Consumption Growth of Second Economy

The figure presents the results from a simulation of two habit economies which are identical except for an asymmetry in their long-run consumption growth. The
habit-model is presented in the Appendix and a generalization is presented in Section 7. The first economy is assumed to have economic growth of 0.5% per
quarter. We vary the long-run consumption growth of the second economy between 0.5% (symmetric model) and 1.0% per quarter. We rank the economies each
period based on their interest rate and surplus-consumption ratio. If the procedure ranks the currencies equivalently we assign the period a value 1, otherwise we
assign the period a value —1. Each bar represents the average value across 1,000 simulations over 30 years of quarterly data.
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Table A.1:
Forward-Premia-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio

PANEL A: Descriptive Statistics

All Countries Developed Countries
forward-premia-sorted portfolios CAR Linear Rank forward-premia-sorted portfolios CAR Linear Rank
P, P Ps Py Ps (P5-P1) weights weights P, P Ps Py P (P5-P1) weights weights
mean (%) -0.63 1.02 3.88 283 717 7.80%** 3. Q*¥*k* 5 7gHkk -0.66 0.61 3.60 2.15 514 5.81*¥** 2.45%** 4 23%**
fx (%) 1.58 1.35 2.54 -0.40 -3.05 -4.63 -2.96 -3.62 1.67 1.14 2.85 0.10 045 -1.22 -0.80 -1.39
ir (%) -2.20 -0.833 1.3/ 3.22 10.22 12,48 6.93 9.41 -2.33  -0.58 0.75 2.05 4.69 7.03 3.25 5.63
Sharpe -0.06 0.11 042 0.29 0.68 0.72 0.88 0.73 -0.07  0.07 040 0.22 0.45 0.55 0.56 0.52
std (%) 9.80 9.30 9.23 9.72 10.49 10.87 4.50 7.98 9.61 9.24 9.02 9.79 11.42 10.60 4.41 8.19
mdd (%) 54.0 326 23.2 278 19.9 19.8 11.2 19.1 527 371 232 278 20.0 19.8 11.2 19.1
skew 0.26 -0.09 -0.29 -0.48 -0.63 -0.93 -0.72 -0.74 0.27 -0.08 -0.03 -0.33 -0.15 -0.87 -0.71 -0.76
kurt 3.80 3.73 512 485 5.56 5.30 4.68 4.59 3.60 3.53 445 435 4.21 5.28 4.44 5.25
ac(1) 0.00 0.06 0.06 0.07 0.19 0.16 0.18 0.16 0.01 0.06 0.08 0.05 0.12 0.11 0.09 0.11
t/o (%) 18.2 25.1 29.1 23.8 12.9 14.9 28.2 38.5 228 12.7
o (%) -2.15  -0.32  1.25 3.25 10.94 -2.38  -047 077 233  4.50
gap (%) -0.04 0.02 0.08 -0.06 0.30 -0.02 -0.05 0.20 -0.09 0.19

PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)

All Countries Developed Countries
Highest 274 highest 374 highest 4" highest Highest 274 highest 374 highest 4th highest
P, CHF (85%) JPY (81%) DEM (25%) CZK (19%) CHF (85%) JPY (81%) DEM (18%) NLG (11%)
P, DEM (62%) CAD (48%) SEK (34%) GBP (26%) DEM (58%) CAD (26%) NLG (25%) SEK (22%)
P; NOK (38%) GBP (36%) KRW (31%) CAD (26%) CAD (32%) SEK (25%) NOK (20%) GBP (19%)
P, AUD (54%) NZD (46%) MXN (31%) GBP (29%) GBP (46%) NOK (42%) SEK (30%) CAD (29%)
Ps TRY (47%) BRL (34%) MXN (27%) NZD (27%) NZD (74%)  AUD (55%) ITL (24%) NOK (19%)

The table presents descriptive statistics for currency portfolios sorted by forward premia (Panel A) and the main currencies entering each portfolio (Panel B). In
Panel A, currency portfolios are split between those containing all countries and a smaller sub-sample of developed countries. Portfolios are rebalanced monthly
with high (low) forward premia currencies entering Ps (P;). We report summary statistics for the annualized mean, which is then further split between the
exchange rate (fr) and interest rate (ir) components. The superscripts *, **  *** represent significance of the CAR portfolios at the 10%, 5% and 1% confidence
levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio (Sharpe), standard deviation (std), maximum drawdown
(mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report the average turnover (¢/0), forward premium (fp) and
output gap (gap) for each portfolio. CAR is a portfolio long Ps and short P;. Linear and rank weights are portfolios with positions in every currency, in which the
weights are calculated based on relative forward premia (see Section 4 for further details). In Panel B we report the main currencies entering the five
forward-premia-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported in parentheses. The sample runs from
October 1983 to January 2016. The data is described in Section 3.



Table A.2:
Cross-Sectional Asset Pricing Tests: DOL and GAP

Panel A: All Countries

2 Pricing Factors (DOL + GAP)

Factor Loadings (b) Risk Prices (1)) Model Fit
DOL GAP DOL GAP R? HJyist

5 Test Portfolios 0.38%* 0.92%#* 0.02  0.07*** 0.89 0.11 [0.30]
(output gap)

10 Test Portfolios  0.60** 2.45%* 0.02  0.19*** 0.85 0.10 [0.97]

(value, momentum)

20 Test Portfolios 0.41* 1.09%** 0.02 0.08*** 0.47 0.29 [0.89]
(output gap, carry,
value, momentum)

Panel B: Developed Countries

2 Pricing Factors (DOL + GAP)
Factor Loadings (b) Risk Prices (\) Model Fit

DOL GAP DOL GAP R? HJgist
5 Test Portfolios 0.26 0.73%%* 0.01 0.05*** 0.95 0.05 [0.82]
(output gap)
10 Test Portfolios 0.44* 2.07** 0.01 0.16***  0.85 0.17 [0.88]
(value, momentum)
20 Test Portfolios 0.28 0.80%** 0.02 0.06*** 0.39 0.30 [0.91]

(output gap, carry,
value, momentum)

The table presents cross-sectional asset pricing results for three sets of test portfolios. The SDF is constructed as a linear combination of DOL and GAP factors.
We report Generalized Method of Moments (GMM) one-step estimates of factor loadings on the pricing kernel (b’s) and prices of factor risk (A’s). The superscripts
*REREE represent significance of the coefficients at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition, we
report goodness-of-fit statistics for each model including the R? statistic and the Hansen-Jagannathan distance statistic (H.J) with simulated p-values in brackets.
The H.J statistic measures the distance between the estimated pricing kernel and the efficient set of permissible pricing kernels. A p-value less than 5% indicates
the null hypothesis that the pricing kernel is efficient can be rejected at the 95% confidence level. The test assets are split between those containing all countries

(Panel A) and a smaller sub-sample of developed countries (Panel B). The sample runs from October 1983 to January 2016. The data and factor construction are
described in Section 3.



Table A.3:
Cross-Sectional Asset Pricing Tests: DOL, VOL and GAP

Panel A: All Countries

2 Pricing Factors (DOL + VOL) 3 Pricing Factors (DOL + VOL + GAP)
Factor Loadings (b) Risk Prices ()\) Model Fit Factor Loadgings (b) Risk Prices (\) Model Fit
DOL VOL DOL VOL R? HJgist DOL VOL GAP DOL VOL GAP R? HJyist
5 Test Portfolios 0.41* 2.83 0.02 0.03 -0.06  0.26 [0.00] 0.67*% 4.80* 0.97***  0.02 0.06 0.07*** 0.98 0.05 [0.71]
(output gap)
10 Test Portfolios 0.41 2.58 0.02 0.03 -0.13  0.21 [0.26] 0.62* -0.58  2.53**  0.02 -0.01  0.20*** 0.86 0.09 [0.99]
(value, momentum)
20 Test Portfolios 0.09 -3.67 0.02  -0.05*** 0.11 0.35[0.97] 0.27 -3.35  1.08*** 0.02 -0.04** 0.08*** 0.63 0.28 [0.99]

(output gap, carry,
value, momentum)

Panel B: Developed Countries

2 Pricing Factors (DOL + VOL) 3 Pricing Factors (DOL+ VOL + GAP)
Factor Loadings (b) Risk Prices (\) Model Fit Factor Loadgings (b) Risk Prices ()\) Model Fit
DOL VOL DOL VOL R? H Jgist DOL VOL GAP DOL VOL GAP R? HJgist
5 Test Portfolios 1.20 25.68 0.02 0.31 0.65 0.13 [0.95] 0.64 9.34 0.59 0.02 0.11 0.06*** 0.98 0.03 [0.95]
(output gap)
10 Test Portfolios  0.47** 6.77+* 0.02 0.08%** 0.76  0.13 [0.95] 0.52*%* 451 1.03 0.02 0.06 0.09 0.87 0.10 [0.98]
(value, momentum)
20 Test Portfolios 0.20 -0.23 0.02 0.00 -0.01  0.35 [0.78] 0.26  -1.67 0.88*** (.02 -0.02  0.06*** 0.44 0.30 [0.95]

(output gap, carry,
value, momentum)

The table presents cross-sectional asset pricing results for three sets of test portfolios. The SDF is constructed as a linear combination of DOL and VOL (2 Pricing
Factors, left-hand-side) and DOL, VOL and GAP (3 Pricing Factors, right-hand-side). We report Generalized Method of Moments (GMM) one-step estimates of
factor loadings on the pricing kernel (b’s) and prices of factor risk (A’s). The superscripts *, **, *** represent significance of the coefficients at the 10%, 5% and 1%
confidence levels using Newey and West (1987) corrected standard errors. In addition, we report goodness-of-fit statistics for each model including the R? statistic
and the Hansen-Jagannathan distance statistic (HJ) with simulated p-values in brackets. The HJ statistic measures the distance between the estimated pricing
kernel and the efficient set of permissible pricing kernels. A p-value less than 5% indicates the null hypothesis that the pricing kernel is efficient can be rejected at
the 95% confidence level. The test assets are split between those containing all countries (Panel A) and a smaller sub-sample of developed countries (Panel B). The
sample runs from October 1983 to January 2016. The data and factor construction are described in Section 3.



Table A.4:
Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (Linear Time Trend)

PANEL A: Descriptive Statistics

All Countries Developed Countries

output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P, Ps Py Ps (P5-P1) weights weights P, P, Ps Py Ps (P5-P1) weights weights
mean (%) 0.51 2.04 4.80 3.39 3.71  3.20%**  1.44%%* 2 11¥** -1.01 1.73 2.78 3.85 2.86  3.87*** 1.84*%¥* 3 3JOk**
fx (%) -1.58 -0.14 173 0.19 2.28 3.86 1.57 2.18 -1.23  0.75 1.86 2.08 2.23 3.46 1.64 2.63
ir (%) 2.09 2.17  8.07 3.20 1.44 -0.65 -0.13 -0.07 0.22 0.98 0.92 1.77 0.63 0.42 0.21 0.66
Sharpe 0.06 0.22 048 037 037 0.44 0.51 0.43 -0.11 020 0.26 0.37 0.30 0.56 0.63 0.60
std (%) 8.94 9.12 9.97 9.24 9.92 7.21 2.83 4.92 9.06 8.83 10.86 10.35 9.5 6.9 2.9 5.5
mdd (%) 37.1 31.8  26.2 223 19.1 174 7.4 9.9 46.5 31.8  26.2 223 19.1 11.3 6.5 7.6
skew -0.10 -0.10 -0.42 -0.43 -0.35 -0.09 -0.07 -0.25 0.01 0.05 -040 -0.17 -0.01 0.12 -0.11 -0.34
kurt 3.66 4.64 535 425 5.57 7.93 6.39 5.99 347 405 488 461 3.63 4.60 6.94 7.43
ac(1) 0.06 0.05 0.09 0.09 0.04 0.13 0.10 0.06 0.08 0.07 0.11 0.02 0.01 0.08 -0.05 -0.05
t/o (%) 11.5 21.6 29.1 24.4 15.3 8.4 16.9 26.6 18.3 11.2
o (%) 2.14 2.17 335 330 1.51 0.13 .15 094 193 0.57
gap (%) -11.84 -2.86 271 6.91 14.72 -10.73 -2.53 295 7.05 14.72
PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)
All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 274 highest 374 highest 4" highest
Py JPY (41%) CHF (39%) NOK (29%) SEK (29%) CHF (45%) JPY (43%) DEM (26%) NOK (26%)
P, DEM (52%) AUD (43%) GBP (39%) NZD (37%) AUD (52%) CAD (34%) DEM (33%) GBP (28%)
Ps MXN (34%) NLG (30%) AUD (29%) DEM (24%) GBP (32%) NLG (31%) CAD (25%) SEK (20%)
Py FRF (40%) GBP (31%) ITL (26%) CAD (22%) FRF (38%) GBP (37%) NZD (31%) DEM (27%)
Ps NOK (52%) JPY (44%) PLN (26%) SEK (20%) NOK (51%) JPY (44%) CHF (27%) SEK (19%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a linear time trend. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, ** *** represent significance of
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.



Table A.5:
Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (Quadratic Time Trend)

PANEL A: Descriptive Statistics

All Countries Developed Countries
output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P Ps Py Ps (P5-P;) weights weights P, P, Ps Py Ps (P5-P;) weights weights
mean (%) 027 1.99 3.08 4.21 4.83 4.56*** 228¥** 3 gQgk** -0.27  1.96 2.07 3.76 3.46 3.73¥** 1.99%*%* 3 5¥**
fx (%) -1.04 -0.16 0.02 1.5/ 1.75 2.80 1.49 2.16 -0.67 1.19 0.72  2.72  2.09 2.76 1.47 2.33
(%) 1.81 215 3.06 2.67 3.08 1.76 0.79 1.38 0.39 0.77 1.35 1.04 1.37 0.97 0.52 0.72
Sharpe 0.03 021 032 049 0.51 0.60 0.74 0.66 -0.03 0.20 0.19 040 0.38 0.49 0.65 0.53
std (%) 10.05 9.58 9.76 8.66  9.53 7.56 3.07 5.27 10.26  9.70 10.80 9.30 9.1 7.7 3.1 5.7
mdd (%) 389 285 31.1 248 215 18.3 4.7 11.5 43.3 338 31.1 248 215 18.3 4.7 11.5
skew -0.23  -0.21 -0.07 -0.51 -0.15 -0.68 -0.19 -0.40 -0.30 -0.18 0.17 -0.02 -0.03 -0.59 -0.06 -0.15
kurt 4.23 458 429 450 5.02 6.29 4.98 5.00 432 415 3.88 4.15 4.25 5.53 4.63 4.58
ac(1) 0.03 0.10 0.00 0.05 0.10 -0.06 0.03 -0.02 0.06  0.09 0.00 0.06 0.07 -0.08 -0.01 -0.03
t/o (%) 20.0 329 443 338 19.7 175 282 398 297 178
o (%) 1.17 204 315 287 3.35 020 096 120 1.14 1.34
gap (%) -8.41 -3.35 -0.22 259 7.78 -8.21 -3.83 -144 181 6.73

PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)

All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 274 highest 374 highest 4*" highest
P, SEK (30%) DEM (30%) JPY (30%) NOK (24%) SEK (32%) JPY (30%) DEM (27%) NOK (26%)
P, NZD (30%) GBP (25%) FRF (22%) CAD (20%) NZD (34%) GBP (26%) CHF (24%) DEM (21%)
P; MXN (27%) AUD (24%) CHF (23%) CAD (18%) GBP (23%) CAD (23%) CHF (20%) AUD (16%)
P, AUD (29%) CHF (29%) NZD (28%) GBP (26%) AUD (35%) NZD (26%) CAD (25%) CHF (23%)
Ps NOK (41%) SEK (31%) GBP (23%) JPY (23%) NOK (42%)  SEK (29%) JPY (28%) DEM (24%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a quadratic time trend. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, ** *** represent significance of
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.



Table A.6:
Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (Baxter-King Filter)

PANEL A: Descriptive Statistics

All Countries Developed Countries
output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P, Ps Py Ps (P5-P;) weights weights P, P Ps Py Ps (P5-P;) weights weights
mean (%) -0.44 245 239 3.72  5.97 6.41%*%* 2.35¥** 4 g49%** -0.93 1.99 2.30 2.20 4.69 5.62%** 2 12%%* 3 gTHk*
fx (%) -2.34 0.65 049 128 1.92 4.26 1.35 2.9/ -1.57 1.21  1.10 1.26 3.57 5.14 1.95 3.29
ir (%) 1.90 1.80 1.90 249 4.06 2.15 1.01 1.55 0.64 078 1.20 0.94 1.12 0.49 0.17 0.37
Sharpe -0.04 026 026 0.39 0.68 0.77 0.70 0.76 -0.09 020 0.22 0.23 0.54 0.70 0.65 0.60
std (%) 10.15 9.50 933 9.51 8.82 8.31 3.35 5.91 9.85 10.07 10.37 9.45 8.7 8.1 3.2 6.1
mdd (%) 49.0 288 26.1 246 21.8 23.0 8.3 13.1 53.5 288 333 246 218 23.0 8.3 13.1
skew -0.08 0.06 -0.21 -0.29 -0.61 0.07 0.06 -0.02 0.16 0.02 0.06 -0.12 -0.35 -0.19 0.03 -0.09
kurt 394 383 432 422 5.00 4.25 3.81 3.64 3.51 4.62 440 3.54 4.27 4.52 3.75 3.52
ac(1) 0.08 0.09 0.04 0.07 0.18 0.13 0.16 0.13 0.03 0.01 0.09 0.07 0.14 0.08 0.05 0.03
t/o (%) 10.0 21.8  29.8 23.1 11.6 9.5 21.7 34.2 22.5 10.5
o (%) 1.91 187 1.75 238 4381 0.55 1.00 1.08 1.11 1.07
gap (%) -2.75 -0.84 0.18 1.30 3.01 -2.34 -0.84 0.12  1.02 247

PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)

All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 274 highest 374 highest 4th highest
P, NZD (28%) JPY (25%) NOK (25%) CHF (24%) JPY (29%) NZD (29%) NOK (26%) CHF (24%)
P, GBP (32%) DEM (28%) AUD (23%) CHF (23%) GBP (32%) DEM (29%) CAD (24%) AUD (23%)
Ps; SEK (23%) GBP (23%) DEM (21%) CAD (19%) GBP (18%) SEK (17%) AUD (17%) CHF (15%)
P, GBP (31%) SEK (25%) AUD (23%) CHF (23%) GBP (35%) AUD (25%) SEK (23%) CHF (21%)
Ps CAD (26%) NZD (24%) NOK (23%) JPY (23%) NZD (30%) JPY (28%) NOK (27%) CAD (25%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a Baxter-King filter. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, ** *** represent significance of
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.



Table A.7:
Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (Forecasted Trend)

PANEL A: Descriptive Statistics

All Countries Developed Countries
output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P, Ps Py Ps (P5-P1) weights weights P, P, Ps Py Ps (P5-P1) weights weights
mean (%) 1.10 2.01 259 295 523 4.13*%** 1 .85%%* 3 15**x* -0.24  3.24 1.64 1.82  3.31 3.55%** 1.45*%** 2 22%%
fx (%) -1.63 0.09 041 088 2.05 3.68 1.78 2.81 -1.13  2.33 0.30 1.15 2.36 3.49 1.34 2.12
ir (%) 2713 192 2.19 2.08 3.18 0.45 0.07 0.34 0.89 091 1.34 0.66 0.95 0.06 0.11 0.10
Sharpe 0.11  0.23 0.27r 0.31 0.55 0.54 0.59 0.58 -0.02 0.37 0.15 019 0.35 0.46 0.46 0.37
std (%) 9.95 8.87 959 9.56  9.52 7.61 3.12 5.42 10.21 884 10.93 9.49 9.4 7.7 3.1 6.0
mdd (%) 34.1 294 298 327 232 37.7 6.4 17.3 454 294 298 344 232 37.7 8.5 17.3
skew -0.07 -0.39 -0.13 -0.35 -0.38 -0.29 -0.18 -0.31 -0.03 0.02 -0.52 -0.10 -0.09 -0.14 0.08 0.03
kurt 470 529 396 4.09 4.76 5.50 6.51 5.02 440 3.85 578 3.70 3.53 5.63 4.26 4.62
ac(1) 0.03 0.02 0.07 0.11 0.09 0.05 0.10 0.08 0.04 0.02 0.08 0.06 0.04 0.03 0.00 -0.02
t/o (%) 26.7 427 53.0 44.1 27.7 22.7 40.3 53.3 40.0 22.8
o (%) 270 199 210 232 3.58 0.74 1.03 127 090 0.93
gap (%) -1.30 -0.28 0.32 0.92 2.02 -1.11 -0.27 0.31 074 1.69

PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)

All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 274 highest 374 highest 4*" highest
P,y NZD (30%) NOK (29%) JPY (27%) AUD (21%) NOK (33%) NZD (30%) JPY (29%) AUD (20%)
P, GBP (37%) CHF (28%) AUD (25%) MXN (22%) GBP (39%) AUD (28%) CHF (23%) DEM (23%)
Ps; GBP (28%) MXN (20%) AUD (19%) SEK (18%) GBP (25%) ITL (16%) AUD (15%) FRF (14%)
P, DEM (29%) JPY (26%) SEK (26%) CAD (24%) SEK (28%) JPY (26%) CAD (24%) GBP (22%)
Ps NOK (25%) PLN (23%) CZK (21%) NZD (17%) NOK (28%) DEM (24%) SEK (23%) JPY (22%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a two-year ahead forecasted trend. In Panel A, currency portfolios are split between those containing all countries and a
smaller sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary
statistics for the annualized mean, which is then further split between the exchange rate (fr) and interest rate (ir) components. The superscripts *, ** ***
represent significance of the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report
the Sharpe ratio (Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient
(ac(1)). We also report the average turnover (t/o), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear
and rank weights are portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details).
In Panel B we report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a
portfolio is reported in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.



Table A.8:

Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (Eurozone Investor)

PANEL A: Descriptive Statistics

All Countries

Developed Countries

output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P Ps Py Ps; (P5-P;) weights weights P, P, Ps Py Ps (P5-P;) weights weights
mean (%) -0.13 1.32 2.43 4.28 5.79 5.92%** 2 RQ*** 5 5¥** -0.60 1.24 1.97 241  4.92 5.52%**  2.29%¥* 4 23*k**
fx (%) -2.30 -0.59 0.48 2.04 2.01 4.82 2.14 3.94 -1.17 048 0.98 1.41 8.75 4.92 2.01 3.79
ir (%) 217 191 1.95 2.2/ 378 1.61 0.66 1.10 0.57 081 0.99 1.00 1.17 0.60 0.28 0.44
Sharpe -0.01 0.15 0.23 046 0.65 0.75 0.90 0.90 -0.06 0.13 0.19 025 0.54 0.68 0.70 0.68
std (%) 10.00 898 10.43 9.29 897 7.89 3.12 5.59 10.25 9.63 10.44 9.57 9.1 8.1 3.3 6.2
mdd (%) 404 342 239 236 244 9.0 4.8 7.4 442 342 304 29.0 244 9.0 5.5 8.6
skew -0.04 -0.52 -0.44 -0.20 -0.24 -0.12 0.01 0.12 -0.01 -0.11 -0.18 -0.08 -0.04 0.25 0.27 0.46
kurt 433 453 529 418 3.99 4.31 4.29 4.63 4.60 432 419 491 3.22 5.39 4.69 5.22
ac(1) 0.02 0.11 0.09 0.02 0.09 0.01 0.09 0.11 0.05 0.07 0.06 -0.01 0.12 0.08 0.11 0.13
t/o (%) 44.1 57.4 66.0 60.3 44.2 40.3 57.9 71.4 59.0 41.9
o (%) 2.31 2.01 1.91 223 4.25 0.50 099 1.03 1.17 1.10
gap (%) -3.01 -090 0.12 112 294 -2.57 -0.84 0.11 098 2.51
PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)
All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 27 highest 374 highest 4" highest
P, CHF (27%) NZD (27%) NOK (24%) JPY (21%) CHF (27%) NZD (27%) NOK (27%) JPY (22%)
P, GBP (33%) AUD (26%) USD (25%) CAD (23%) GBP (34%) USD (25%) AUD (24%) CAD (24%)
Ps GBP (26%) CAD (22%) USD (21%) CZK (19%) GBP (20%) USD (18%) AUD (15%) CHF (14%)
P, USD (26%) GBP (25%) CAD (24%) SEK (23%) GBP (29%) CAD (27%) USD (26%) AUD (22%)
Ps NOK (27%) NZD (25%) JPY (25%) CHF (19%) NOK (30%) NZD (29%) JPY (27%) SEK (22%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a Hodrick-Prescott filter. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fr) and interest rate (ir) components. The superscripts
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.
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Table A.9:
Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (British Investor)

PANEL A: Descriptive Statistics

All Countries Developed Countries
output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P, Ps Py Ps (P5-P1) weights weights P, P, Ps Py Ps (P5-P1) weights weights
mean (%) -0.18 0.80 2.35 4.47  6.24  6.42*%** 2 g7kk* 5 g kkk -0.55  1.07 1.53 2.89 4.76 5.31¥** 2.26*** 4,14%**
fr (%) -2.25 -1.22 058 2.03 2.1 4.66 2.20 4.04 -1.11  0.26 0.70 1.83 3.44 4.56 1.95 3.62
ir (%) 2.07 202 1.77 244 3.83 1.76 0.77 1.27 0.56 0.82 083 1.06 1.31 0.75 0.31 0.52
Sharpe -0.02 0.09 0.23 048 0.70 0.80 0.95 0.94 -0.05 0.11 0.15 0.30 0.53 0.66 0.71 0.68
std (%) 10.20  9.14 10.14 9.38 8.95 8.06 3.12 5.66 10.26  9.70 1046 9.62 9.0 8.0 3.2 6.1
mdd (%) 40.8  33.7 265 21.1 219 9.0 3.8 6.6 43.0 337 331 264 219 9.0 5.6 8.8
skew -0.06 -0.49 -0.24 -0.28 -0.25 -0.03 0.15 0.30 -0.01 -0.13 -0.14 -0.08 0.00 0.21 0.31 0.53
kurt 452 469 468 433 4.02 4.30 4.05 4.49 4.63 428 414 483 3.26 5.43 4.56 5.22
ac(1) 0.03 0.08 0.09 0.03 0.11 0.01 0.10 0.12 0.0 0.07 0.07 0.01 0.11 0.07 0.11 0.13
t/o (%) 449 584  67.5 59.1 434 405 58.1 714 57.4 403
o (%) 2.21 2.06 1.75 243 4.22 0.50 1.00 0.85 1.21 1.19
gap (%) -3.08 -09 0.11 1.18 3.01 -2.57 -0.84 0.11 099 251

PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)

All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 274 highest 374 highest 4*" highest
P, CHF (26%) NZD (26%) NOK (24%) JPY (20%) CHF (27%) NZD (27%) NOK (27%) JPY (23%)
P, USD (31%) DEM (26%) AUD (26%) CAD (24%) USD (32%) DEM (25%) CAD (24%) AUD (23%)
P3; USD (31%) CAD (22%) DEM (22%) AUD (18%) USD (22%) DEM (18%) AUD (17%) CAD (15%)
P, DEM (27%) CAD (25%) SEK (23%) USD (23%) USD (28%) CAD (26%) DEM (25%) AUD (22%)
Ps NOK (26%) NZD (25%) JPY (23%) CHF (20%) NOK (30%) NZD (29%) JPY (27%) SEK (22%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a Hodrick-Prescott filter. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, ** *** represent significance of
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.
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Table A.10:

Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (Japanese Investor)

PANEL A: Descriptive Statistics

All Countries

Developed Countries

output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P, Ps Py Ps (P5-P1) weights weights P, P, Ps Py Ps (P5-P;) weights weights
mean (%) -0.03 1.10 2.24 448 591 5.94%*%* 2 8R¥** 5 (Tr** -0.42 1.36 1.45 2.87 442 4.84*%*%* 2 17¥*%* 3 go***
fx (%) -2.09 -1.01 0.44 2.16 2.07 4.17 2.12 3.86 -0.95 0.48 0.58 1.92 3.12 4.07 1.87 8.48
ir (%) 206 211 1.80 2.32 383 .77 0.75 1.21 0.53 0.95 087 0.95 1.30 0.77 0.30 0.47
Sharpe 0.00 0.12 0.23 047 0.66 0.74 0.92 0.90 -0.04 0.14 0.15 0.29 049 0.60 0.68 0.65
std (%) 10.14 920 9.62 9.53 8.98 8.07 3.13 5.65 10.21  9.74 998 9.77 9.0 8.0 3.2 6.0
mdd (%) 38.6 341 239 26.3 20.2 9.3 4.2 7.2 412 341 314 274 202 9.3 5.7 9.1
skew -0.04 -0.53 -0.14 -0.22 -0.23 -0.05 0.16 0.29 0.01 -0.18 -0.05 -0.03 0.01 0.19 0.32 0.53
kurt 4.59  4.64 447 417 3.98 4.24 4.14 4.71 4.70 423 389 4.65 3.24 5.38 4.65 5.41
ac(1) 0.03 0.09 0.04 003 0.11 0.02 0.08 0.11 0.0 0.07 0.02 0.01 0.12 0.08 0.10 0.12
t/o (%) 45.3 58.2 68.0 60.6 43.9 40.8 579 719 59.2 41.3
o (%) 220 213 1.78 235 4.21 046 1.12 091 112 1.15
gap (%) -3.07 -0.96 0.10 117 3.01 -2.55 -0.84 0.09 098 251
PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)
All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 27 highest 374 highest 4" highest
P, CHF (26%) NZD (26%) NOK (24%) USD (20%) CHF (28%) NZD (27%) NOK (27%) USD (23%)
P, GBP (30%) DEM (27%) AUD (25%) CAD (23%) GBP (32%) DEM (26%) CAD (24%) AUD (23%)
P; GBP (31%) CAD (22%) DEM (21%) AUD (19%) GBP (22%) AUD (17%) DEM (17%) CAD (15%)
P, DEM (27%) CAD (25%) SEK (25%) GBP (23%) GBP (29%) CAD (27%) DEM (24%) SEK (21%)
Ps NZD (26%) NOK (26%) USD (23%) CHF (20%) NZD (31%) NOK (30%) USD (27%) SEK (22%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a Hodrick-Prescott filter. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the

annualized mean, which is then further split between the exchange rate (fr) and interest rate (ir) components. The superscripts

X okk o kokk
’ ’

represent significance of

the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we

report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.
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Table A.11:
Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (Swiss Investor)

PANEL A: Descriptive Statistics

All Countries Developed Countries

output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P Ps Py Ps (P5-P;) weights weights P, P Ps Py Ps (P5-P;) weights weights
mean (%) -0.07 1.18 1.53  4.69 6.63 6.70*** 3.06*** 5 .49*** -0.07  0.50 1.20 3.27  4.92  4.99%** 2.36*** 4.31%**
fx (%) -2.20 -0.75 -0.40 2.36 2.85 5.05 2.84 4.31 -0.68 -0.27 0.27T 2.24 3.72 4.40 2.08 3.87
ir (%) 218 1.9/ 1.92 2.33 378 1.65 0.72 1.18 0.61 0.7 0.92 1.03 1.20 0.59 0.28 0.43
Sharpe -0.01 0.13 0.15 0.51 0.71 0.82 0.97 0.96 -0.01 0.05 0.12 036 0.53 0.62 0.73 0.70
std (%) 10.27  9.09 9.87 9.17 9.28 8.13 3.16 5.69 10.27 9.57 1036 9.16 9.3 8.1 3.2 6.1
mdd (%) 37.2 34.2 24.4  23.6 244 8.2 4.6 6.9 39.9 342 377 236 244 10.9 5.8 8.8
skew -0.04 -048 -0.34 -0.21 -0.24 0.00 0.03 0.11 0.08 -0.19 -0.14 -0.01 0.02 0.20 0.23 0.45
kurt 4.41 4.38 556  3.86 4.15 4.50 4.39 4.71 4.08 5.14  4.08 3.89 3.09 4.81 5.09 5.80
ac(1) 0.03 0.10 0.07 0.03 0.11 0.04 0.10 0.12 0.05 0.07 0.08 0.03 0.11 0.08 0.13 0.13
t/o (%) 44.8  59.5 66.8 60.0 444 394 579 734 582 409
o (%) 2.27 1.97 1.88 233 4.24 0.55 096 093 120 1.13
gap (%) -3.06 -091 010 1.13 299 -2.54  -0.77 0.08 0.93 249
PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)
All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 274 highest 374 highest 4" highest
P, USD (27%) NZD (26%) NOK (24%) JPY (20%) USD (29%) NZD (28%) NOK (28%) JPY (23%)
P, GBP (31%) CAD (28%) AUD (26%) DEM (26%) GBP (32%) CAD (30%) DEM (25%) AUD (24%)
Ps CAD (29%) GBP (27%) DEM (23%) MXN (20%) CAD (23%) GBP (19%) DEM (17%) USD (15%)
P, DEM (27%) CAD (27%) GBP (26%) SEK (23%) GBP (30%) CAD (26%) DEM (26%) AUD (22%)
Ps NOK (26%) NZD (25%) JPY (24%) USD (19%) NOK (31%) NZD (29%) JPY (28%) SEK (22%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a Hodrick-Prescott filter. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, ** *** represent significance of
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.
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Table A.12:
Output-Gap-Sorted Portfolios: Descriptive Statistics and Main Currencies Entering each Portfolio (net transaction costs)

PANEL A: Descriptive Statistics

All Countries Developed Countries

output-gap-sorted portfolios GAP Linear Rank output-gap-sorted portfolios GAP Linear Rank
P, P Ps Py Ps (P5-P;) weights weights P, P Ps Py Ps (P5-P;) weights weights
mean (%) -0.25 -1.04 0.24 2.10 3.31 5.59%** 5 (gq%** 2 20%** -1.25 0.64 1.37 1.85  4.25 4.20%** 1.64*** 2, 95%**
fx (%) -2.34 -3.00 -1.63 0.8/ 1.02 2.06 3.75 1.62 -1.70  -0.07 0.49 0.95 3.22 3.86 1.49 2.76
ir (%) 209 1.95 1.87 1.76 2.28 3.53 1.29 0.57 0.45 0.70 088 090 1.04 0.34 0.14 0.19
Sharpe -0.02 -0.10 0.03 0.21 0.36 0.62 0.62 0.69 -0.12  0.07 0.13 0.19 047 0.52 0.50 0.48
std (%) 10.18 10.17 9.10 10.10 9.31 9.03 8.15 3.19 10.24 9.62 10.43 9.57 9.1 8.1 3.3 6.2
mdd (%) 42,5 506 353 248 244 25.1 10.5 5.6 52.1 353 355 336 25.1 10.5 6.9 11.3
skew -0.06 -0.07 -049 -0.30 -0.27 -0.29 -0.01 0.09 -0.02 -0.11 -0.19 -0.08 -0.05 0.23 0.26 0.45
kurt 4.49 445 476  4.75  4.40 3.96 4.32 4.24 4.57 433 420 491 3.21 5.41 4.70 5.24
ac(1) 0.03 0.03 0.08 0.08 0.00 0.10 0.01 0.07 0.05 0.07 0.06 -0.02 0.11 0.07 0.10 0.12
t/o (%) 44.8 44.8 58.2 67.2 60.6 44.81 40.3 57.9 71.4 59.0 419
o (%) 223 223 203 180 245 4.15 050 099 1.03 117 1.10
gap (%) -3.08 -3.08 -096 011 1.17 3.01 -2.57  -0.84 0.11 098 251
PANEL B: Main Currencies Entering each Portfolio (and percentage of sample in the portfolio)
All Countries Developed Countries
Highest 274 highest 374 highest 4*" highest Highest 274 highest 374 highest 4*" highest
P, CHF (26%) NZD (26%) NOK (24%) SEK (20%) CHF (27%) NZD (27%) NOK (27%) JPY (22%)
P, GBP (31%) DEM (27%) AUD (26%) CAD (23%) GBP (34%) DEM (25%) AUD (24%) CAD (24%)
Ps GBP (29%) CAD (22%) DEM (22%) MXN (18%) GBP (20%) DEM (18%) AUD (15%) CHF (14%)
P, DEM (28%) CAD (26%) GBP (24%) SEK (23%) GBP (29%) CAD (27%) DEM (26%) AUD (22%)
Ps NOK (26%) NZD (25%) JPY (24%) CHF (19%) NOK (30%) NZD (29%) JPY (27%) SEK (22%)

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A) and the main currencies entering each portfolio (Panel
B). The output trend is estimated using a Hodrick-Prescott filter. In Panel A, currency portfolios are split between those containing all countries and a smaller
sub-sample of developed countries. Portfolios are rebalanced monthly with strong (weak) economy currencies entering Ps (P;). We report summary statistics for the
annualized mean, which is then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, ** *** represent significance of
the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and West (1987) corrected standard errors. In addition we report the Sharpe ratio
(Sharpe), standard deviation (std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient (ac(1)). We also report
the average turnover (¢/0), forward premium (fp) and output gap (gap) for each portfolio. GAP is a portfolio long Ps and short P;. Linear and rank weights are
portfolios with positions in every currency, in which the weights are calculated based on relative output gaps (see Section 4 for further details). In Panel B we
report the main currencies entering the five output-gap-sorted portfolios. The percentage of months in the sample in which a currency enters a portfolio is reported
in parentheses. The sample runs from October 1983 to January 2016. The data is described in Section 3.



Table A.13:
Output-Gap Portfolios Sorted on Real-Time Data (net transaction costs)

PANEL A: Forecasted Trend and Industrial Production Momentum

output-gap-sorted portfolios GAP output-gap-sorted portfolios GAP
P P, P; P4 Ps;  (Ps-P1) P, P P; P4 Ps  (Ps-P1)

mean (%) 1.06 0.67 -0.61 4.30 5.01 2.73* 0.43 1.68 1.42 1.73  3.95 2.37*

fr (%) -1.17 -1.21 -1.95 2.81 221 2.60 -1.48 -0.35 -0.46 -0.51 1.78 2.43

i (%) 223 1.88 1.8/ 2.00 2.80 0.13 1.91  2.03 1.88 2.24 2.17 -0.06

Sharpe 0.11 0.07  -0.07 043 049 0.40 0.05 020 0.15 017 0.38 0.30

std (%) 9.33 937 9.06 10.07 10.13 6.89 9.30 854 9.60 10.05 10.44 7.82

mdd (%) 243 262 31.7 157 16.7 14.9 23.6 168 239 225 17.8 15.7

skew -0.17  -0.88 -0.59 -0.46 -0.27 0.17 -0.28 -0.11 -0.60 -0.28 -0.46 0.14

kurt 427 6.63 5.06 487  3.28 2.80 4.01 420 517 4.10 4.37 5.36

ac(1) -0.02 0.08 0.06 0.09 0.07 0.03 0.00 -0.02 0.08 0.06 0.06 -0.14
t/o (%) 209 406 442  43.6 223 348 54.1 54.3 559  35.0
o (%) 241 2.00 1.60 216  2.89 212 2.07 203 237 242
gap (%) -1.72 -0.58  0.12 0.83 224 -4.06 -0.59 166 3.93 8.29

PANEL B: Amplitude Adjusted Composite Leading Indicator

output-gap-sorted portfolios GAP output-gap-sorted portfolios GAP
Py P P3 Py Ps (P5-P1) P, P, P3 Py Ps (P5-P1)
mean (%) -2.67 -090 1.22 -249 3.82 5.15%* -2.13  0.07 -1.83 -0.73 343  4.27**
fx (%) -5.76 -2.33 -0.53 -3.7/ 183 6.56 -4.89 -1.47 -3.53 -2.00 1.25 5.14
iwr (%) 309 143 1.7/ 1.25 1.99 -1.42 276 1.54 1.70 1.27 2.18 -0.87
Sharpe -0.23 -0.10 0.12 -0.23 0.37 0.68 -0.18 0.01 -0.17 -0.07 0.34 0.53
std (%) 11.52 945 10.50 10.95 10.34 7.53 11.80  9.90 10.78 10.53 10.04 7.99
mdd (%) 378 315 224 344 279 12.5 33.5 245 332 29.0 208 11.7
skew -0.44 -0.21 -0.37 -0.82 -0.66 -0.22 -0.09 0.18 -093 -0.82 -0.89 -0.47
kurt 3.87 379 473 470  6.38 4.87 3.94 4.01 6.18 453  5.87 3.52
ac(1) -0.05 0.02 0.01 0.02 0.23 -0.05 -0.11  -0.04 0.11 0.07  0.17 0.04
t/o (%) 239 405 36.0 36.5 264 239 411 36.1 36.1 255
fo (%) 3.25 1.60 1.85 1.44  2.20 291 1.71 1.80 149 240
gap (%) -2.82  -1.14 0.04 1.32  3.04 -2.93 -1.06 0.20 1.59  3.49

The table presents descriptive statistics for currency portfolios sorted by country-level output gaps (Panel A).
The output trend is estimated using either a forecasting equation (left-hand-side) or as a random walk
(right-hand-side). In Panel B, we present descriptive statistics for currency portfolios sorted by real-time
country-level composite leading indicators. The leading indicator is measured as the latest datapoint
(left-hand-side) or with a six-month lag (right-hand-side). Portfolios are rebalanced monthly with strong
(weak) economy currencies entering Ps (P;). We report summary statistics for the annualized mean, which is
then further split between the exchange rate (fz) and interest rate (ir) components. The superscripts *, **
*** represent significance of the GAP portfolios at the 10%, 5% and 1% confidence levels using Newey and
West (1987) corrected standard errors. In addition we report the Sharpe ratio (Sharpe), standard deviation
(std), maximum drawdown (mdd), skewness (skew), kurtosis (kurt), and first-order autocorrelation coefficient
(ac(1)). We also report the average turnover (t/o), forward premium (fp) and output gap (gap) for each
portfolio. GAP is a portfolio long Ps and short P;. The data is described in Section 3.
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