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Abstract

We show that the profitability of currency carry trades can be under-
stood as the compensation for exchange rate misalignment risk based
on the rare disastrous model of exchange rates (Farhi and Gabaix,
2008). It explains over 97% of the cross-sectional excess returns and
dominates other candidate factors, including volatility and liquidity
risk. Both currency carry and misalignment portfolios trade on the
position-likelihood indicator (Huang and MacDonald, 2013) that ex-
plores the probability of the Uncovered Interest Rate Parity (UIP)
to hold in the option pricing model. To examine the crash story of
currency risk premia, we employ copula method to capture the tail
sensitivity (C'S) of currencies to the global market, and compute the
moment risk premia by model-free approach using volatility risk pre-
mia as the proxy for downside insurance costs (DI). We find: (i)
notable time-varying currency risk premia in pre-crisis and post-crisis
periods with respect to both C'S and DI; and (ii) the pay-off compo-
nents of the strategy trading on skew risk premia mimic the behavior
of currency carry trades. We further reveal and rationalize the differ-
ences in the performances of currency portfolios doubly sorted by CS

*First Draft: July 23, 2012. The authors would like to thank George Jiang, Dimitris
Korobilis, Lucio Sarno, Stephen Taylor, and Paulo Zaffaroni for helpful conversations and
comments. Huang acknowledges the financial support from Scottish Institute for Research
in Economics. Any errors that remain are the responsibility of the authors.

TCorresponding author; Email: huichou.huang@exeter.oxon.org.

iDepartment of Economics, Adam Smith Business School, University of Glasgow, Glas-
gow, G12 8QQ, United Kingdom.

$Quantitative Finance Group, Adam Smith Business School, University of Glasgow,
Glasgow, G12 8QQ, United Kingdom.



and DI. We propose a novel trading strategy that makes a trade-off
of the time-variation in risk premia between low and high volatili-
ty regimes and is thereby almost immunized from risk reversals. It
generates a sizable average excess return (6.69% per annum, the high-
est among several studied currency trading strategies over the sample
period) and its alpha cannot be explained by canonical risk factors,
including hedge fund (Fung and Hsieh, 2001) and betting-against-beta
(Frazzini and Pedersen, 2014) risk factors, and government policy un-
certainty measures (Baker, Bloom, and Davis, 2012). Unlike other
currency trading strategies, its cumulative wealth is driven by both
exchange rate and yield components. We also investigate the behavior
of currency momentum that is shown subject to credit risk, similarly to
its stock market version (Avramov, Chordia, Jostova, and Philipov,
2007): Winner currencies performance well when sovereign default
probability is low and loser currencies provide the hedge against this
type of risk when sovereign default probability hikes up. The innova-
tions in global sovereign CDS spreads contribute 60% of the variation
to the factor that captures the common dynamics of the currency
trading strategies. From asset allocation perspective, a crash-averse
investor is better off by allocating about 40% of the wealth to currency-
misalignment portfolio and about 35% to crash-sensitive portfolio in
tranquil period while reallocating about 85% of portfolio holdings to
downside-insurance-cost strategy during the financial turmoil.

JEL classification: ¥31, F37, GO1, G12, G17.

Keywords: Exchange Rate Misalignments, Copula, Tail Dependence, Mo-
ment Risk Premia, Currency Investment Strategies.



1. Introduction

Meese and Rogoff (1983) highlight that it is difficult to find a theoretically-
grounded factor that can beat random walk in forecasting short-run exchange
rate movements. MacDonald and Taylor (1994) reveal that an unrestricted
monetary model can outperform the random walk as long as the short-run
data dynamics is properly processed. Recent literature emphasizes that the
disconnection puzzle of exchange rates can be understood when the stochastic
discount factor is near unity and/or the macroeconomic fundamentals are I(1)
(e.g. Engel and West, 2005; Sarno and Sojli, 2009). Bacchetta and Van Win-
coop (2006, 2009) argue that the unstable relationship between the exchange
rates and macroeconomic fundamentals can be attributable to the uncer-
tainty in expectations of the structural parameter. Alternatively, Menkhoff,
Sarno, Schmeling, and Schrimpf (2013) apply the decomposition of covari-
ance between the excess returns of an asset and corresponding pricing kernel
originally broached by Hassan and Mano (2013) to building macro-based
currency portfolios, and find that economic fundamentals have substantial
predictive power on exchange rates in cross-sectional dimension. Currency

risk premia are the compensations for dynamic business cycle risk.

Huang and MacDonald (2013) show that the excess returns of curren-
cy carry trades can be understood from the perspective of sovereign credit
premia and their results are robust to the alternative measure of sovereign
default risk implied in government bonds. However, this is not a full sto-
ry. Because sovereign risk of public debts is just a partial source of global
imbalances and the dramatic increase in debt of private sector also plays a
pivotal role. Moreover, even external imbalances are still a constituent of
the currency risk premia, because other factors such as productivity shocks!,

deteriorations of terms of trade, etc. are also of paramount importance for

! Balassa-Samuelson effect does not measure the total factor productivity for which real
GDP per capita proxies.



exchange rate determination and risk premia (MacDonald, 2005). The devi-
ation from the equilibrium exchange rates determined by the macroeconomic
fundamentals is an important predictor of exchange rates but omitted in the
recent influential studies (Jorda and Taylor, 2012). Therefore, we reasonably
conjecture that currency risk premia originate from their misalignments, as
equilibrium exchange rates are the composite indicators of the competitive-
ness of the states and exchange rate misalignments reflect the sustainability
of the states. We find currency misalignment risk explains over 97% of the
cross-sectional excess returns of carry trades and both currency carry and
misalignment portfolios trade on the position-unwinding likelihood indicator
(Huang and MacDonald, 2013) that explores the probability of the Uncov-
ered Interest Rate Parity (UIP) to hold in the option pricing model, so do

other currency investment strategies studied in this paper.

We assess the currency risk premia comprehensively through evaluating
misalignments, relying on the portfolio approach to exploit the cross-sectional
information in a single integrated macroeconomic fundamental indicator by
sorting portfolio on the basis of lagged exchange rate misalignments, instead
of pure time-series testing on a set of factors mentioned above or those in a
monetary exchange rate model® (see Engel, Mark, and West, 2007, for spec-
ification) individually. Engel (2011) modifies Clarida, Gali, and Gertler’s
(2002) model to allow for currency misalignment and emphasize an opti-
mal monetary policy trade-off should be made not only between Taylor rule
fundamentals (inflation and output gap) but also involve the exchange rate
misalignment. We contribute to this literature by showing that exchange rate
misalignment is the composite fundamental source of currency risk premia
and well explains both time series and cross section of the profitability of
currency carry trades. By sorting currencies on the basis of exchange rate

misalignment, we form five currency portfolios with monotonic average ex-

2The variables include differentials in real output/income level, in money supply (bal-
ances/circulations), and in money demand shock.



cess returns and a trading strategy (risk factor) that buys top 20% overpriced
currencies funded by bottom 20% undervalued ones. High interest-rate cur-
rencies load positively on the misalignment (overvaluation) risk and tend to
depreciate sharply during the turmoil periods, while low interest-rate cur-
rencies offer a hedge against the crash risk (negatively exposure). Given a
certain macroeconomic fundamental and policy environment, global currency
misalignments seem unable to go beyond a sustainable level, identifying the
misalignment bound is conducive to timing the overvalued currency collapses

and risk reversals during the crashes, which are rare but extreme events.

Recently, the rare disaster risk has also caught a lot attention in the liter-
ature (e.g. Rietz, 1988; Barro, 2006; Weitzman, 2007; Bollerslev and Todorov,
2011; Gabaix, 2012) that equity premium puzzle can be illuminated as a com-
pensation for the risk of rare but extreme events. Farhi and Gabaix (2008)
build a novel tractable model of exchange rates based on the previous work by
Rietz (1988), Barro (2006), and Weitzman (2007) that representative agents
attach a substantial weight, in their consumption and investment decisions,
to the possibility of rare but extreme events, which are the major sources of
the risk premia in asset prices. It is also stressed by Jurek (2007), Farhi and
Gabaix (2008), Brunnermeier, Nagel, and Pedersen (2009), Chernov, Grav-
eline, and Zviadadze (2012) that currency premia embody the crash risk.
Given the fact that the comovements of high interest-rate currencies with
the aggregate market conditional on high volatility regime is stronger than
it is conditional on low volatility regime, and this phenomenon also exists
in other asset classes, Lettau, Maggiori, and Weber (2013) utilize a Down-
side Risk CAPM (DR-CAPM) that is able to jointly price the cross section
of currencies, equities, sovereign bonds, and commodities. Garleanu, Peder-
sen, and Poteshman (2009) broach a theoretical model that bridges the net
hedging demand imbalances with option prices, which matches the empirical
reality of the skewness and expensiveness of index option. In their analytical

framework, the hedging demand of the investors for the unhedgeable risk



drives up the position-protection costs. Jurek (2007) reveals the abnormal
behavior of option prices that the downside protection costs are negative-
ly related to the crash risk of the currencies, and the implied volatilities of
the out-of-money options are not big enough to drive the excess returns of
crash-neutral currency carry trades to zero for the crash story to become a

resolution of forward premium anomaly.

Encouraged by these pioneering work, we employ copula methods to mea-
sure the crash sensitivity by tail dependence and use the moment (volatility
and skew) risk premia as the proxy for downside insurance costs, as we are
pondering that solely crash risk cannot explain the currency premia in an
economic sense, provided that there is in fact a variety of financial deriva-
tives, such as option, available for us to hedge against the downside risk. So,
a currency that is sensitive to tail risk but cheap to insure may not offer a
premium higher than that brought by a currency which is less crash-sensitive
but expensive to hedge its position the investors take. Our another contribu-
tion is to provide an answer to this question. We find that skew risk premia
as the proxy for crash risk premia explain the cross section of currency carry
trade excess returns as well as the misalignment risk. Skew risk premia tell us
the expected changes in probability for the UIP to hold because they contain
valuable ex-ante information about the directions and magnitudes of the fu-
ture movements of spot rates. Exchange rate misalignment is driven by skew
risk premia but the reverse is not true, which is a question yet to be answered.
The currency strategy trading on skew risk premia mimics both the exchange
rate return and yield components of carry trades. We also notice considerable
time-varying currency risk premia in pre-crisis and post-crisis periods with re-
spect to both crash sensitivity and downside insurance cost. Accordingly, we
propose a novel trading strategy that makes a trade-off in the time-variation
of currency risk premia between low and high volatility regimes - investing in
medium tail-sensitivity and high downside-protection-cost currencies fund-

ed by the low tail-sensitivity and medium downside-protection-cost ones. It



is nearly immunized from risk reversals and generates sizeable returns that
cannot be explained by canonical risk factors, hedge fund (Fung and Hsieh,
2001) and betting-against-beta risk factors (Frazzini and Pedersen, 2014),
and measures of government economic policy uncertainty in both Europe
and U.S. (Baker, Bloom, and Davis, 2012). Unlike currency carry trades, the
profit of risk reversal trade-off strategy is not simply driven by interest rate

differentials but also exchange rate returns.

We further investigate another popular currency trading strategy - mo-
mentum to check if its profitability is related to relevant explanations for
its equity market version, e.g. the macroeconomic fundamentals (Chordia
and Shivakumar, 2002; Liu and Zhang, 2008), individual (country-specific)
characteristics (see Hong, Lim, and Stein, 2000, for analysis of firm-specific
characteristics), transaction costs (Korajczyk and Sadka, 2004), funding lig-
uidity risk (Asness, Moskowitz, and Pedersen, 2013), investors’ underractions
and delayed overractions (Chan, Jegadeesh, and Lakonishok, 1996; Hvidk-
jaer, 2006; Moskowitz, Ooi, and Pedersen, 2012), their heterogeneous beliefs
(Verardo, 2009). Grinblatt and Han (2005) show that stock market momen-
tum can be understood by the “Prospect Theory” (Kahneman and Tversky,
1979) and “Mental Accounting” (Thaler, 1980): Distinction in risk attitudes
towards capital gain and capital loss drives the “Disposition Effect” (She-
frin and Statman, 1985) and generates predictable equilibrium prices (mo-
mentum) that converge to the fundamental values. The existing literature
generally concentrates on the time series of currency momentum. Menkhoff,
Sarno, Schmeling, and Schrimpf (2012b) instead focus on the cross section
and assert that it is the “Limits to Arbitrage” (Shleifer and Vishny, 1997)
preventing this trading strategy from being easily exploitable in currency
market. Our empirical results firstly suggest that the momentum in curren-
cy market is subject to credit risk as it is in stock market (Avramov, Chor-
dia, Jostova, and Philipov, 2007). Winner currencies performance well when

sovereign default probability is low and loser currencies provide the hedge



against this type of risk when sovereign default probability rises. Currency
momentum profits seem to depend on the market states as well (see Griffin,
Ji, and Martin, 2003; Cooper, Gutierrez, and Hameed, 2004, for analysis of
stock market). The innovations in global sovereign CDS spreads is the key
contributor® to the factor that captures the common dynamics of the several
studied currency trading strategies in our paper. We extract the coincidence
index by the Forni, Hallin, Lippi, and Reichlin’s (2005) one-sided methodol-
ogy for the estimation of the Generalized Dynamic Factor Model. From the
asset allocation perspective, a crash-averse investor would optimally allocate
about 40% of the wealth to currency-misalignment portfolio and about 35%
to crash-sensitive portfolio in tranquil period and dramatically reallocates
his/her portfolio holdings to downside-insurance-cost strategy with a weight

of about 85% in turmoil period.

To our best knowledge, this is the first work that studies global currency
misalignment risk repmia, crash-sensitive premia captured by copula method,
and skew risk premia measured by model-free approach. The rest of this pa-
per is organized as follows: Section 2 introduces the ideas and two standard
approaches (FEER and BEER) for computing the exchange rate misalign-
ments. Section 3 describes the copula methods and measure of crash sensitiv-
ity by tail dependence. Section 4 shows the evaluation of downside insurance
costs via moment risk premia, and compare the model-free (swap) method
with option-implied method. Section 5 contains the information about the
data set used in this paper, the currency trading strategies constructed by
portfolio approach, monotonicity tests for portfolio excess returns and risk
exposures, optimal asset allocations according to business cycles and risk re-
versal trade-off, standard empirical asset pricing procedures, and generalized
dynamic factor model estimates. In Section 6, we discuss our empirical re-
sults. Conclusion is drawn in Section 7. The main findings of this paper are

delegated to Appendix A. Appendix B contains the supplementary materials.

3Tt explains about 59% of the factor variation.
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2. Global Currency Misalignments

In this section, we introduce two popular approaches that deal with the
question of whether the Real Effective Exchange Rate (REER) of a coun-
try is consistent with its macroeconomic fundamentals. One approach de-
fines the “Fundamental Equilibrium Exchange Rate” (FEER) as a REER
that guarantees sustainable current account balance with desired net capital
flows (external balance) which are set at full employment and low inflation
levels (internal balance). Another approach directly resorts to econometric
analysis of the REER behavior in a Vector Autoregressive (VAR) Model,
consequently is called “Behavioral Equilibrium Exchange Rate” (BEER). It
measures misalignments of REER as the deviations of actual REER from its
equilibrium value in the long-run relationship identified by the cointegration
method. Thereby, it requires the judge which macroeconomic fundamentals

determine the exchange rate behavior.

2.1.  FEquilibrium Exchange Rate Determinations

Williamson (1983) first proposes the idea of FEER that the equilibrium
exchange rate is calibrated to ensure the economy operating at both internal
and external balances over the medium run, i.e. to bring the current account
at full employment and desirable inflation levels into equality with the net
capital account. It is essentially a flow equilibrium concept and requires pa-
rameter estimates and judgement of potential outputs for country concerned
and its main trading partners. The calculation does not involve some crucial
factors that actually influence the behavior of exchange rates. As long as
the four key elements mentioned above are undisturbed, the equilibrium ex-
change rate remains unchanged. But it is unclear whether the REER is still
in equilibrium in a behavioral sense. Nevertheless, one may favor this ap-
proach since the exchange rates are volatile and unpredictable (see Frankel
and Rose, 1995; Kilian and Taylor, 2003) and the relationship between of



exchange rates and macroeconomic fundamentals seems to be evolutive over
time (Sarno and Valente, 2009).

Clark and MacDonald (1998) propose an alternative BEER assess of e-
quilibrium exchange rates using a reduced-form estimation equation that
decomposes the behavior of the REER into three horizons. Specifically, the
equilibrium REER is given by:

Et[REERt+T] - REERt + (Et [fd,t] - Et [ff,t]) + )\t (1)

where E;[-] is the expectation operator. 744, 7r; denotes real domestic,
and foreign interest rate for T' period, respectively. \; represents a measure
of risk premium. E,JREFER; 7| is interpreted as the long-run component of
the REER and hence can be replaced by a set of expected macroeconomic

fundamentals, E;[Z} ;]. Then Equation (1) can rearranged as:

REER, = B([Z[ 1] = (Bi[fas] = Ee[Fp]) = M (2)

Given that ); is time-varying, Equation (2) can be simplified by the im-

position of rational expectations:

REER, = ZF — (74, — 714) (3)

In practice, the REER can be written as a function of long and medium-
term macroeconomic fundamentals (ZF and ZM) that maintain a permanent
and relatively stable relationship with the REER, and short-term factors
(Z?) that impose transitory impacts on the REER. The actual REER can

be explained exhaustively by this set of variables of three horizons.

REER, = REER, (2}, Z,Z}) (4)

Egert, Halpern, and MacDonald (2006), MacDonald and Dias (2007) i-

dentify a standard set of variables for the estimation of equilibrium exchange



rates, including real interest rates, real GDP per capita as the proxy for
productivity, terms of trade, CPI-to-PPI ratio as the proxy for Balassa-
Samuelson effect?, government expenditures as the pecentage of GDP, net
foreign asset as the pecentage of GDP, export plus import as the percent-
age of GDP as the proxy for economic openness. We also take the financial

openness into account (see Chinn and Ito, 2006).

2.2. VAR Estimations

To estimate the relationships between the REER and relevant variables

in Equation (4) is tantamount to estimate a reduced-form model:

REER, = B.2L + By ZM + 8527 + &, (5)

where the random disturbance term &; ~ N(0, ¢2), the Gaussian i.i.d.
normal distribution. We distinguish the contemporary equilibrium REER
as the long and medium-term component in Equation (5) from the observed
REER. Then the current misalignment (C'M;) of REER can be computed as:

CM, = REER, — B.ZF — By ZM = BsZ5 + ¢, (6)

It would also be natural to look at the total misalignment (T'M;) that

can be decomposed into two components as follows:

TM, = REER,—B.ZF — BuZM
= CM+ [Bu(Z} — ZF) + Bu(2) — Z))] (7)

where ZL, ZM denotes the long-run sustainable values of correspond-

ing variables that are acquired by either Hodrick-Prescott filter, Beveridge-

4Real GDP per capita measures the total factor productivity, so it is preferable and
when it is available, CPI-to-PPI ratio is not included.



Nelson decomposition, or unobserve component analysis. BEER approach
decomposes the misalignment of REER into three components: deviations
of the macroeconomic fundamentals from their long-run sustainable values,
transitory effect of short-run factors, and random disturbances. Hence, it is

more general for interpreting the cyclical movements of real exchange rates.
[Insert Table A.1. about here]

We calculate the current misalignments of 34 global currencies in our
sample individually using the ragged quarterly and annual data from 1984
to 2012, and standard econometric procedures® for cointegration test, such
as unit-root test, optimal lag selection, Johansen rank tests (both trace and
maximum eigenvalue). Note that we do not include a risk premium term as
one of the determinants of equilibrium exchange rates. Although we try to
minimize the measurement errors of REER introduced in the estimations,
they inevitably exist. However, we harness the REER misalignments just for
sorting currencies into portfolios and the rank of our estimates of BEER mis-
alignments is close to that provided by Cline’s (2008) FEER estimates, which
sets forth a symmetric matrix inversion method to evaluate a consistent set
of REER realignment. Therefore, the effects of the measurement errors may
be trivial. Table A.1. above indicates the average REER misalignments of
34 global currencies over the sample period. Overall, majority of currencies
are underpriced against USD except for AUD, NZD, and TRY that are sig-
nificantly overvalued. This is concordant with the fact that investment in
global money market outside U.S. funded by USD yields an excess return
about 2.39% in our the sample period.

[Insert Table A.2. about here]

We sort the currencies into five portfolios based on their interest rate

°Although Bayesian Time-Varying Parameter (TVP) VAR works better to acquire
accurate estimates of REER misalignment, we cannot consider it owing to the limited
observations for some series.
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differentials (forward discounts), and estimated REER misalignments, re-
spectively. Table A.2. presents the descriptive statistics of currency carry
and misalignment portfolios. We can see consistency of monotonicity in av-
erage excess returns. Holding fundamentally overvalued currencies yields an
average excess return of 5.35% per annum (p.a.) with a Sharpe ratio of 0.45
over the sample period while holding high interest-rate currencies is remu-
nerated with an average annual excess return of 4.57% with a comparable
Sharpe ratio of 0.43.

[Insert Figure A.1. about here]

We construct a REER misalignment strategy (HM Lggys) that consists
of a long position in overpriced currencies and a short position in underval-
ued currencies. Figure A.1. above shows the remarkable comovement of it
with currency carry trades (with a high correlation of 0.72). Della Corte,
Ramadorai, and Sarno (2013) propose to decompose the cumulative excess
returns of currency trading strategies into exchange rate return and interest
rate components to check the driver(s) of cumulative wealth brought by these
strategies. Doing so, we can confirm the similarity in the behavior of different
strategies. If the cumulative wealth of the REER misalignment strategy is
also positively driven by the yield component but negatively by the exchange
rate return component, then REER misalignment strategy exhibits similar
behavior to carry trades. If HM Lggys as a priced risk factor that explains
the cross section of carry trade excess returns, forward premium puzzle may
be understood by a probe into the mechanisms that the high interest-rate
currencies tend to be overpriced (in terms of the deviations from the medium
to long run equilibrium relationships among the real fundamentals) in good
times and are positively exposed to crash (depreciation) risk in turmoil peri-
ods while the low interest-rate currencies that are likely to be undervalued in

tranquil periods provide a hedge against the misalignment risk in bad times.
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3. Crash Sensitivity

In this section, we briefly explain why we choose copula methods to mea-
sure the crash sensitivity (at a certain quantile) of a currency in terms of
joint distribution with the global market and show how they can capture
the asymmetries in upper and lower tail dependence. Preliminary analysis

of individual currency’s tail sensitivity is provided.

Ample literature has found the asymmetric dependence in asset prices
(see Longin and Solnik, 2001; Ang and Chen, 2002; Poon, Rockinger, and
Tawn, 2004; Hong, Tu, and Zhou, 2007), as the crash-averse investors eval-
uate the downside losses and upside gains distinctively, which is concordant
with the prospect theory that investors are myopic loss-averse and evaluate
their portfolios frequently (see Benartzi and Thaler, 1995; Barberis, Huang,
and Santos, 2001). Li and Yang’s (2013) theoretical model shows that the di-
minishing sensitivity® can be attributed to both disposition and momentum
effects. Although the evidence in the equity market has been extensive-
ly reported, only a little attention has been paid to currency market. We
choose the copula approach to model the crash sensitivity because it is ca-
pable of capturing the nonlinear dependence structure of asset behavior in
extreme circumstances, which is usually understated or unobservable using
linear methods. It is superior than traditional methods, as it is an elegan-
t and flexible bottom-up approach that allows us to combine well-specified
marginal models with various possible dependence specifications (McNeil,
Frey, and Embrechts, 2005). Patton (2004) reveals that investors without
short-sale constraints can achieve significant economic and statistical gain-
s while being informed of the high order moments (especially the skewness)
and asymmetric dependence for decision-making in asset allocation by a time-

varying copula. Utilizing a conditional copula, Patton (2006) attributes the

6Tt refers to the asymmetric value function of investors in the gain domain (concave)
and loss domain (convex).
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asymmetry of the dependence between DEM and JPY to the asymmetric re-
actions of central banks to the directions of exchange rate movements. Dias
and Embrechts (2010) find a remarkable time-varying dependence structure
between EUR and JPY by a dynamic copula with Fisher transformation,
particularly during the Subprime Mortgage Crisis. Christoffersen, Errunza,
Jacobs, and Langlois (2012) propose a dynamic conditional copula model
allowing for multivariate non-normality and distribution asymmetry to cap-
ture both short-run and long-run dependence in advanced economies and
emerging markets. Christoffersen and Langlois (2013) investigate the joint
dynamics of risk factors in the equity market for the sake of risk management
and show that the linear model overestimate the diversification benefits in

terms of large and positive extreme correlations.

Distinguishable from previous studies on this topic, we capture the crash
sensitivity using the tail dependence between the individual currency and its
“market portfolio” (see Lustig, Roussanov, and Verdelhan, 2011). All the
coefficients of tail dependence are estimated by both parametric and semi-
parametric copula models with rolling window to obtain monthly estimates
of tail dependence for portfolio sorting purpose. To avoid possible model
misspecification, we also employ nonparametric estimation as a robustness
check, which does not involve any specification of copula functions, proposed
by Frahm, Junker, and Schmidt (2005). The empirical results given by it
are consistent with those from parametric and semiparametric methods in
general. Currencies with high crash sensitivity should offer high risk premia
to attract investors if they are crash-averse, while low crash sensitivity ones

work as safe-haven currencies.

3.1.  Copula

Copula is the function that connects multivariate distribution to their

one-dimension margins (Sklar, 1959). Sklar’s theorem states that if the mar-

13



gins are continuous, then there exists a unique copula function C' merging
n-dimension marginal Cumulative Distribution Functions (CDF) into a joint
distribution F', which is a multivariate distribution with the univariate mar-
gins Fi, ..., F,,, then there exists a copula C' : [0,1]" — [0, 1] that satisfies:

F(21, 0y 2n) = C (Fi(11), ooy Fa(20)), ¥ n € R” (8)

where F' represents a multivariate distribution function with margins u; =
Fi,...,u, = F,. If the margins are continuous, then there exists a unique

multivariate copula function C' defined as:

Cluy, ...,un) = F (F7 (w), ..., Fy Huy)) 9)

where F! denotes the generalized inverse distribution function of the
univariate distribution function F,” and z,, = F, (u,),0 < u, < 1,for i =
1,...,n. Conversely, let U to be a random vector with a distribution function
C and set X : = [F{ '(U), ..., F, ' (Uy)], we can get:

Pr(X; <mz,...X,<wz,) = Pr(F'(U)<a,...F, (U, <)
= Pr(U; < Fi(xy),....,U, < Fu(xy,))
= C(Fy(z1),..., Fy(y,)) (10)

If the densities exist, then we can derive the representation of joint Prob-
ability Distribution Function (PDF) from the joint CDF":

fl@r, an) = c(Fi(x1), ooy Fu(za)) x [ filz:) (11)
=1
where c(uy, ..., u,) = %

"Here, F~1(u) = inf{x : F(z) > u}.
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3.2.  Tail Dependence

The coefficient of tail dependence measures the pairwise degree of depen-
dence in the tail of a bivariate distribution for extreme events (see McNeil,
Frey, and Embrechts, 2005; Frahm, Junker, and Schmidt, 2005; Joe, Li, and
Nikoloulopoulos, 2010). Let X; and X5 be random variables with continuous
distribution functions F; and F3, then the coefficients of Lower Tail Depen-
dence (LT'D) and Upper Tail Dependence (UTD) of X; and X, are given
by:

LTD: = LTD(Xy,Xz)= lim Pr(X; < F,'(q)|X1 < Fy () (12)
q—0

UT'D: = UTD (X;,X5) = lim Pr (X, > F;, ' (q)|X; > F{ '(q)) (13)
q—1-

where ¢ is the quantile. Using Equation (10) and condition probability

function, the LT D coefficient can be computed as:

Pr(X, < Fy'(q), Xy < F!
17D — i PR S B (0), i< F (@) _ . Claa) (14)
q—0+ Pr (X; < Fy '(q)) =0t ¢
Analogously, we have the formula for UT D coefficient as follows:
Pr (X, > F; Yq), X; > F;! 1—2
q—1- Pr (X; > Fi'(q)) q—1- 1—g¢q

The coefficients can be easily calculated when the copula has a closed-
form expression. The C has lower tail dependence if LT'D € (0,1] and no
lower tail dependence if LT'D = 0. Similar conclusion holds for upper tail
dependence. If the copulas are symmetric, then LT D = UTD, otherwise,
LTD # UTD (see Joe, 1997). To better assess the crash sensitivity, we
measure the tail dependences at bottom and top 10% quantiles. Modelling

the copula-based tail dependence requires us to specify the models for con-
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ditional marginal distributions first. Our univariate model used to estimate
tail dependence combines the AR model for the conditional mean of daily
returns, GJR-GARCH model of Glosten, Jagannathan, and Runkle (1993)
for the conditional variance and leverage effect, and a skewed-t distribution
of Hansen (1994) for residuals.

[Insert Table A.3. about here]

8 over the

The average lower and upper tail dependences of 34 currencies
sample period are provided in Table A.3. above. ARS, and two currencies
of Asia countries, JPY and HKD are crash-insensitive currencies over our
sample period in terms of both LT D and UT D, while EUR, Nordic curren-
cies such as NOK, DKK, and SEK, and the currencies of Eastern Europe
countries such as HUF, PLN, SKK, etc. are among the most crash-sensitive
currencies. However, high crash-sensitivity currencies do not necessarily im-
ply high excess returns, since we have financial derivatives, such as option,
to hedge against the downside risk. But when these currencies are cheap to
hedge, they become favorable to the crash-averse investors in good times,
and make them willing to take up the risk positions which are compensated
for the possible currency crashes in bad times. High crash-sensitivity curren-
cies with high downside insurance costs are not appealing to the investors,
while low crash-sensitivity currencies with low downside insurance costs do
not carry risk premia to the investors. Low crash-sensitivity currencies with
high downside insurance costs must offer risk premia to attract investors.
So, double-sorting is more favorable to study the crash story of currency risk
premia. Inspired by Bollerslev, Gibson, and Zhou (2011) who extract volatil-
ity risk premium as an investor risk aversion index and find that it is also
related to a set of macro-finance state variables, we also set forth a measure
of the downside risk of currency market by the equally-weighted averaging
of LT D as the indicator for global tail risk (GT'D) to check if the changes in

8Currency portfolios sorted by tail sensitivity are presented in Table B.1..
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GTD as a risk factor is priced in the cross section of currency excess returns.
GDT suddenly increased dramatically in the September of 2008 (Lehman
Brothers’ bankruptcy and the outbreak of the Subprime Mortgage Crisis)
and keep increasing during the Sovereign Debt Crisis in Europe, and up to
the end of the sample period. Only two considerable drops happened in the
March of 2009 and the February of 2012.

4. Downside Insurance Costs

In this section, we briefly explain why moment risk premium can be the
proxy for downside insurance cost for crash-averse investors, and show how
they can be derived from the option prices by the model-free approach. A
detailed discussion of the linkage between skew risk premium and UIP, as well
as some findings with regard to individual currency’s moment risk premia are

also given here.

Garleanu, Pedersen, and Poteshman (2009) put forward a theoretical
foundation for the demand-pressure effect on option prices that the unhedge-
able part of the variance increases the prices of the contract and this type
of demand explains the skewness and expensiveness of the index options. As
Brunnermeier, Nagel, and Pedersen (2009) point out that the investment cur-
rencies are subject to the crash risk, we apply their thoughts to the currency
market to assess the risk premia associated with the unhedgeable volatility

and skewness risk.

4.1.  Moment Swaps

Moment swaps are a forward contract on the moments “realized” on the
underlying asset over its life. The buyer of a moment swap written at time

t with a maturity of T" will receive the payoff per unit of notional amount
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MP, 1 at the end of time ¢ 4+ 7', which equals to the realized moment RM;

subtracted by the moment swap rate MS, r:

MP,r = RMyr — MSyz (16)

Both RM,;r and MS;r are quoted in annualized terms but RM,; p is
determined at the end of the contract ¢ + 7" while MS, 1 is agreed at the
start of the contract . Given that M P, r is expected to be zero under the

risk-neutral measure, we have:

MS, = E2[RM, 1] (17)

where E2[-] is the expectation operator under risk-neutral measure Q,

and RM;r is computed as the integrated moment, e.g. realized volatility

RVir = \/7 tHTagds, wherein o2 denotes the stochastic volatility of the
underlying.

4.2.  Model-free and Realized Moments

The moment swaps can be synthesized using model-free approach pio-
neered by Britten-Jones and Neuberger (2000) that implied moments are de-
rived from no-arbitrage condition without any specification of option pricing
model. It is further refined, advanced and extensively studied by scholars
including but not limited to Demeterfi, Derman, Kamal, and Zou (1999),
Bakshi and Madan (2000), Bakshi, Kapadia, and Madan (2003), Bakshi and
Kapadia (2003), Carr and Madan (2001), Jiang and Tian (2005), Neuberger
(2012). They reveal that the moment swaps can be replicated by a strategy
that combines a dynamically rebalanced portfolio of the underlying with a
static portfolio of put and call options attached with appropriate weights as
a function of the strikes and forward rates. The options contains an infinite
range of all continuous strikes, and the puts and calls to hold are segmented
by the strike at the forward rate at time ¢ with maturity of 7. And the
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model-free moments are valid even in presence of price jumps of the underly-
ing. The valuations of the second (variance) and third (skewness) model-free

moments for a currency pair? are given by:

0 2Byr [ [ 1 furq
EF[RVir] = = - 5 Crr(K)dK + 0 e Pr(K)AK | (18)
6Bir [ [ K—F Br o — K
E2[RS, 1] = zf (F Tlgct,T(K)dK+ /O t;ﬁp—maT(K)dK

where Byp = exp [—(ras — 774)T], representing the present value of a
zero-coupon bond with a risk-free rate as the interest differential between
T-period domestic risk-free rate rq; and foreign risk-free rate r¢;. P, Cir
is the put and call prices at time ¢ with a strike price of K and a maturity of
T, respectively. Fir denotes the forward rate that matches the dates of the
options. Della Corte, Ramadorai, and Sarno (2013) focus on the volatility
swaps by taking the square root of EZ [RV; 7], from which the convexity bias
arises. This Jensen’s inequality issue is shown empirically negligible using
a second-order Taylor approximation and it explains why volatility swaps is

preferably quoted by the practitioners in financial industry.

The next step is to recover the option prices by the currency option pric-
ing model (Garman and Kohlhagen, 1983). In FX market, the OTC options
are quoted in terms of at-the-money (ATM) implied volatilities (I Varar), (10-
delta and 25-delta) out-of-the-money (OTM) option risk reversals (RRjoa,
RRys7) and butterflies (BFjoa, BFssa). The other four implied volatili-
ties at 10%, 25%, 75%, and 90% moneyness levels can be calculated as:
IViownr = IVary + BFioa — %RRlom IVasoenr = IVary + BFaosa — %RR%A;

9Currencies are in indirect quotes as units of foreign currency per unit of domestic
currency (USD).

19



IVasgn = IVary + BFosa + $RRosa, and Voo = IVary + BFioa +
%RRlOA, respectively. Thus, the corresponding strikes can be extracted from
five plain vanilla options, then we follow the approach adopted by Jiang and
Tian (2005) and Della Corte, Sarno, and Tsiakas (2011) that draws a cubic
spline through these five data points. The advantage of this method is that it
caters to the smooth volatility smile and therefore becomes a standard proce-
dure in the literature. Beyond the maximum and minimum available strikes
obtained from the European-type options, we assume the volatilities remain
constant as other scholars do. Then we use adaptive Gauss-Kronrod quadra-
ture approximation to solve the integral in Equation (18) and Equation (19).
Although this introduces truncation and discretization errors, both of them

are shown trivial in a similar method of trapezodial integration (Jiang and
Tian, 2005).

4.3.  Moment Risk Premia

The moment swaps are used to explore the risk premia associated with
the moments (see Carr and Wu, 2009; Kozhan, Neuberger, and Schneider,
2013). We apply it to study the downside insurance costs of the currency
positions, specifically, we check if the moment risk premia contain predictive
information content about the future exchange rate returns using the ex-ante
payoff of the moment swaps. Without the loss of generality, we define the
moment risk premia as the differences between the physical and the risk-

neutral expectations of the future realized moments:

MRPLT = EE}[RMt,T] - E;Q[RMLT] (20)

where Ef[-] is the conditional expectation operator under risk-neutral
measure P. We follow Bollerslev, Tauchen, and Zhou (2009) to adopt the
lagged realized volatility, and continue to use our calculations of realized

moments in Huang and MacDonald (2013). By doing this, we are able to
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observe ex-ante moment risk premia which does not involve any modeling
assumption. Then the moment risk premia in Equation (20) can be rewritten
as MRP, 7 = RM, 1o — E? [RM; r]. Note that we divide the skewness by
the variance to the power of % to get a normalized skewness coefficients. In
comparison of the moment swap rates obtained from model-free approach
with the implied moments derived by Breeden and Litzenberger (1978)'°, we
can see that volatility risk premia are consistently understated by directly
using ATM implied volatility, as it ignores the volatility smile. We also find
that skew risk premia are often understated by using the information of 25-
delta and 10-delta OTM options!!.

Inspired by the theory developed by Garleanu, Pedersen, and Poteshman
(2009) and the empirical evidence provided to support their conjecture that
end-user demand affects the option prices in the event of imperfect hedge, we
can interpret a currency with high volatility risk premia (VRP;r) as the one
“cheap to insure” (Della Corte, Ramadorai, and Sarno, 2013) given that its
expected realized volatility is higher than the expected option-implied volatil-
ity, which is directly related to the option price used for downside protec-
tion. The low VRP,; r (high downside insurance costs) currencies should offer
higher excess returns to attract investors. Notwithstanding, high downside-
insurance-cost currencies again do not necessarily imply high excess returns
unless they are simultaneously very sensitive to tail risk. So, we will show

that double-sorting by these two dimensions may be more realistic.

Given that both realized and risk-neutral skewness move in the opposite
direction in response to the exchange rate returns(Jurek, 2007), we group
skew risk premia by the signs of corresponding skew. UIP predicts zero
excess return if there is no risk premium and that USD tends to appreciate

against foreign currencies when ry; > rg,, implying a significant negative

0For implied skewness: ¢joa ~ 2.3409- RR1oa / IVarar, Sosa = 4.4478-RRosa | IVaT s
For 1mphed kurtosis: klOA ~ 14.6130 - BFlOA /IVATMa I%25A ~~ 52.7546 - BF25A/IVAT]\/[.
11Gee Figure B.1. and Figure B.2. in Appendix B.
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skew - high probability of “s; < s;41”. In this case, a 1-month forward-looking
implied (model-free) skew lower than the realized skew based on the 1-month
backward-looking information available at time ¢ means positive expected
change in probability of USD appreciation (lower probability of deviation
from UIP), and hence lower (crash) risk premium for a foreign currency
against USD (see Graph 2 in Figure B.3. in Appendix B for illustration), and
vice versa (Graph 4). In the case of positive skew implied by UIP when r¢; <
T4, a lower forward-looking skew under risk-neutral (no-arbitrage) measure
than the backward-looking realized skew means negative expected change in
probability of USD depreciation “s; > s¢41” (lower probability of “4 > 0 or
f =1 in Fama (1984) regression for UIP to hold”), and hence lower (crash)
risk premium of a foreign currency against USD (Graph 3), and vice versa
(Graph 1). The strategy of investing in low (negative) skew-risk-premium
currencies funded by high (positive) skew-risk-premium currencies has a high
correlation of 0.77 with currency carry trades, if it explains the cross-sectional
excess returns of carry trades, high (low) interest-rate currencies tend to
have negative (positive) skew risk premia, which means lower forward-looking
probability for the UIP to hold. Again, we need to decompose the cumulative
excess return (Della Corte, Ramadorai, and Sarno, 2013) to check if the skew
risk premia strategy shares the common constituent drivers of cumulative

wealth with carry trades.

[Insert Table A.4. about here]

12 gver the

The average volatility and skew risk premia of 27 currencies
sample period are provided in Table A.4. above. We can see that on average
the VRP of AUD and NZD are positive, which means they are cheap to hedge
against the downside risk. While the insurance costs for the currencies of Pan-
American countries such as COP, CLP, MXN, and BRL are high in terms of

negative VRP. The emerging-market currencies with rapid economic growth

12Currency portfolios sorted by moment risk premia are presented in Table B.2..
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such as RUB, INR, ZAR, KRW, and TRY are also characterized by expensive
insurance for downside risk. As for crash risk premium, BRL, TRY, and
MXN are among the highest SRP currencies while HKD, and two safe-heaven
currencies JPY and CHF are those with the lowest SRP.

5. Data and Methodology

Our financial data set, obtained from Bloomberg and Datastream, con-
sists of spot rates and 1-month forward rates with bid, middle, and ask prices,
1-month interest rates, 5-year sovereign CDS spreads, at-the-money (ATM)
option 1-month implied volatilities, 10-delta and 25-delta out-of-the-money
(OTM) option 1-month risk reversals and butterflies of 34 currencies: EUR
(EMU), GBP (United Kingdom), AUD (Australia), NZD (New Zealand),
CHF (Switzerland), CAD (Canada), JPY (Japan), DKK (Denmark), SEK
(Sweden), NOK (Norway), ILS (Israel), RUB (Russia), TRY (Turkey), HUF
(Hungary), CZK (Czech Republic), SKK (Slovakia), PLN (Poland), RON
(Romania), HKD (Hong Kong), SGD (Singapore), TWD (Taiwan), KR-
W (South Korea), INR (India), THB (Thailand), MYR (Malaysia), PHP
(Philippines), IDR (Indonesia), MXN (Mexico), BRL (Brazil), ZAR (South
Africa), CLP (Chile), COP (Colombia), ARS (Argentina), PEN (Peru), all
against USD (United States). We also acquire the macroeconomic data set
from the Datastream’s Economic Intelligence Unit, IMF’s International Fi-
nancial Statistics and World Economic Outlook, OECD’s Unit Labor Cost
Indicators, World Bank’s World Development Indicators, the databases of
the National Bureau of Statistics, and webpages of Chinn and Ito (2006)'3
and Lane and Milesi-Ferretti (2007)', for real effective exchange rates, real
GDP per capita, terms of trade, imports and exports, CPI and PPI (for the

test of Balassa-Samuelson effect), real interest rates, PPP conversion factor

13See the link http://web.pdx.edu/~ito/Chinn-Ito_website.htm.
14See the link http://www.philiplane.org/EWN.html.
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to market exchange rate ratios!®, government consumption as the percentage
of GDP, NFA as the percentage of GDP, capital liberalization index, respec-
tively. Please note that we drop the variable if its data is unavailable for
a certain country. The data of four canonical risk factors in global stock
market, the recently broached “Quality-Minus-Junk” and “Betting-Against-
Beta” risk factors, hedge fund risk factors, and measures of government e-
conomic policy uncertainty in Europe and U.S. are available at the scholar
websites established for Fama and French (1992, 1993) and Carhart (1997)'°,
Asness, Frazzini, and Pedersen (2013) and Frazzini and Pedersen (2014)'7,
Fung and Hsieh (2001)'®, and Baker, Bloom, and Davis (2012)'%, respective-
ly. Our sample period is restricted by the availability of option historical data
from the database terminals we can access??. To keep the consistency of time
frame across assets, the sample period is optimally chosen from September

2005 to January 2013, which spans pre-crisis and post-crisis times.

5.1.  Currency Trading Strategies

All currencies are sorted by forward premia, lag returns over the previous
1 month as formation period, PPP conversion factor to market exchange rate
ratios, REER misalignment, volatility risk premia, skewness risk premia, tail

dependences, from low to high, and allocated to five portfolios, e.g. Portfolio

15The ratios approximate the currency fair values. World Bank’s database does not
have the ratio for TWD and EUR, we use Deutsche Bank’s Purchasing Power Parity EUR
valuation against USD (available in monthly frequency) to do the calculations by taking
the annual average of the data divided by the annual average of market exchange rates.
Deutsche Bank does not have the data for TWD. We also exclude ARS since World Bank
does not provide the data after 2006.

16See the link http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_
library.html.

17See the link http://www.econ.yale.edu/~af227/data_library.htm.

18See the link https://faculty.fuqua.duke.edu/~dah7/HFData.htm.

19Gee the link http://www.policyuncertainty.com/index.html.

20Given that the option data of MYR, PHP, IDR, ILS, RON, ARS, and PEN either are
not available or do not cover the sample period, we have 27 currencies remaining for the
calculations of moment risk premia.
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1 (Py) is the long position of currencies with lowest 20% sorting base while
Portfolio 5 (Ps) contains the currencies with highest 20% sorting base. The
portfolios are rebalanced at the end of each forward contract according to the
updated sorting base?!. The average monthly turnover ratio of five portfolios
ranges from 19% to 28%, thereby the transaction costs should considerably
affect the profitability of currency trading strategies. All currency portfolios
are adjusted for transaction costs, which is quite high for some currencies
(Burnside, Eichenbaum, and Rebelo, 2006). Given that CIP holds in our
data at daily frequency (see also Akram, Rime, and Sarno, 2008), the log
excess returns of a long position zrf,, at time t+1 is computed as: a1, =
rry —rar + s —siy = [P — s, where f, s is the log forward rate, and
spot rate, respectively; Superscript B, A denotes bid price, and ask price
respectively. Similarly, for short position of P, (Py)?2, the log excess returns
xry, at the time t+1: ary, = —f* + sP . Currencies that largely deviate

from CIP are removed from the sample for the corresponding periods®
[Insert Table A.5. about here]

The reported monthly excess returns and factor prices are annualized via
multiplication by 12, standard deviation is multiplied by /12, skewness is
divided by /12, and kurtosis is divided by 12. All return data are in per-
centages unless specified. As shown in Table A.5., currency carry trade and
misalignment strategies generate comparable average excess returns (2.29%
p.a. and 2.36% p.a. respectively) and Sharpe ratios (0.29 and 0.26 respec-

tively). The Sharpe ratios are not as high as usual because our data span the

21The portfolios are rebalanced monthly except for REER misalignment and value ones
that are done at the end of each year.

22Except for volatility risk premia portfolios that Py is the funding leg of Ps because
low (negative) V RP represents high downside protection costs.

BIDR from the end of December 2000 (September 2005 in our data) to the end of
May 2007, THB from the end of October 2005 to March 2007, TWD from March 2009 to
January 2013.
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recent financial crunch period. Trading on currency momentum?* in a highly
volatile period yields slightly negative average excess return (—0.75% p.a.).
Investors are rewarded only 0.78% p.a. by trading on currency fair values®
over the sample period. The performances of currency trading strategies
based on crash sensitivity (holding high-C'S currencies funded by low-C'S
ones) and downside protection cost (holding high-DI currencies funded by
low-D1I ones) are also poor due to the risk reversals. Trading on skew risk
premia is remunerated with an average excess return of 1.53%. The highest
average excess return among the eight currency trading strategies over the
sample period, about 6.69% p.a. with a Sharpe ratio of 0.80, demonstrates
the success of our double-sorting strategy?® and lends supportive evidence
that both crash sensitivity and downside insurance cost are vital to under-

stand the currency risk premia.
[Insert Figure A.2. about here]

Figure A.2. presents the decomposition of the cumulative excess returns
to the eight currency trading strategies into exchange rate return and yield
(interest rate differential) constituents (see also Della Corte, Ramadorai, and
Sarno, 2013). We find the yield components contribute significantly to the
cumulative wealth of the investors, e.g. currency carry trades, REER mis-
alignments, fair values, and moment risk premia strategies, which all have
a negative cumulative exchange rate return component. Especially, the s-
trategy trading on skew risk premia mimics two pay-off components of car-
ry trades, consistently upward trend in yield component and consistently
downward trend in exchange rate component. The cumulative wealth of

REER misalignment strategy is driven by both components before the crisis

24Please refer to Table B.1. for the descriptive statistics of currency momentum portfo-
lios.

25The strategy is investing the (undervalued) currencies with low PPP conversion factor
to market exchange rate ratio funded by the high ones. Please also refer to Table B.1. for
the descriptive statistics of currency value portfolios.

26See also in Figure A.5.
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but almost solely by exchange rate return component after the crisis. The
cumulative wealth of currency momentum strategy is nearly driven by the
exchange rate predictability but not the yield component. As for the cu-
mulative wealth of the currency value and volatility risk premia strategies,
the gains in yield component are offset by the losses in exchange rate return
component. The exchange rate return component has a major contribution
to the crash sensitivity strategy before the crisis but its performance revers-
es after the crisis. Its yield component always exerts a negative impact on
the cumulative wealth, which differentiates from other trading strategies. As
for the risk reversal trade-off strategy, both yield and exchange rate return

components positively contribute to the the cumulative wealth.

5.2.  Monotonicity Tests and Double Sorting

We resort to the monotonicity (M R) test proposed by Patton and Tim-
mermann (2010) to handle the question of whether there is an upward or
downward trend in average excess returns across currency portfolios. Let
p; = E[zr;]. We follow their definition of A; = p; — pj—y for j = 2,...,5
as the difference between average growth rates in the excess returns of two
adjacent currency portfolios. The null hypothesis of a increasing pattern in
excess returns of currency portfolios (Hy : A = [Ay, Az, Ay, As]T < 0) a-
gainst the alternative hypothesis (H; : A > 0) can be tested by formulating
the statistic Jy = max, ﬁj, where A denotes the estimate of A with the

7j=2,...,
sample size of N.

We use the stationary block bootstrap to compute the p — wvalues of
Jy as suggested by Patton and Timmermann (2010). In addition, we also
report the pairwise comparison tests (M Rp) of currency portfolios, and two
less restrictive tests for general increasing (M Ry) and decreasing (M Rp)

monotonicity patterns as follows respectively:
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5 5
Hy:A=0 vs. H : Z|A]~|1{A]~ >0} >0; Jy= Z|£g|1{ﬁj > 0}
=2 =2

(21)

5 5
Hy: A=0 vs. Hf:Z|Aj]1{Aj < 0} > 0; J7:Z|£j|1{£j < 0}
=2 i=2

(22)
where 1{A; > 0} (1{A; < 0}) as an indicator function equals to uni-
ty if A; > 0 (A; < 0), and zero otherwise. That at lease some of the A
are increasing (decreasing) is the sufficient condition for the alternative hy-
pothesis H;" (H; ) to hold. JJ (Jy) is the “Up” (“Down”) test statistic.
Patton and Timmermann (2010) extend this methodology to test for mono-
tonic patterns in parameters. Thus, we employ the M R test to examine the
monotonicity in factor loadings for robustness check, under the null hypothe-
sis Hy : 81 > Bo > B3 > B4 > (5 against the alternative hypothesis Hy : 51 <
by < B3 < B4 < 5. The coefficient vector BJ(»b) is obtained from bootstrap re-
gressions to compute the statistic J; y = jgins (5]@ — B;) — (ﬁjﬁli)l _ 53'—1)]
for the test.

-----

[Insert Table A.6. about here]

The top panel of Table A.6. indicates that only currency carry trade,
misalignment, and value portfolios exhibit statistically significant monotonic
patterns in excess returns. The bottom panel reveals the risk reversal of
currency portfolios sorted by crash sensitivity (C'S) and downside protection
cost (DI) that in pre-crisis period, the crash-averse investors are in favor
of high-C'S and low-DI currencies but the situation switched in post-crisis
period that low-C'S and high-D1I currencies become more appealing to the

investors. The monotonicity in the excess returns of these portfolios in split
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sample period is confirmed by the M R tests respectively.
[Insert Figure A.3. about here]

Figure A.3. above presents the time-varying risk premia of the P; and
P5 currency portfolios sorted by crash sensitivity and downside insurance
cost respectively. In pre-crisis period, both high-C'S and low-DI portfolios
outperformed their counterparts (low-C'S and high-DI portfolios) but this
pay-off pattern reverses in post-crisis period. This implies that crash-averse
investors do attach a precautionary weight to the rare disastrous events such
as currency crashes in the tranquil period, that’s why they prefer high-C'S
and low-D1I currencies over the counterparts. In the outbreak of the crisis,
they starts to sell off the positions in these currencies and buy in safe assets
such as low-C'S currencies. Moreover, in the aftermath period, the high-
DI currencies must offer a risk premia for the investors to hold. Given
that majority of the high crash-sensitivity currencies have cheap downside
protection costs, the performances of the corresponding portfolios are very
similar. These empirical findings are concordant with Jurek’s (2007) that the
downside protection costs against the high crash risk implied in high interest-
rate currencies are relatively low, and with also Huang and MacDonald’s
(2013) that higher interest-rate currencies are exposed to higher position-

unwinding risk.
[Insert Table A.8. about here]

To investigate the risk reversal of these two types of currency portfolios,
we doubly sort the currencies into 3 x 2 portfolios®” by C'S and DI respec-
tively, as shown in Table A.8. above. An intriguing behavior of “Risk-on

and Risk-oftf” across six portfolios is unveiled that, in the first four columns,

27Given that there are only 27 currencies’ option data available, we cannot sort the
currencies into 3 x 3 portfolios. Otherwise, sometimes a certain portfolio or more could
be empty, and the empirical findings would be bias.
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we can see strict monotonicity in average excess returns in both dimension-
s. Low-CS and low-DI currencies have the worst performance of average
excess return (—1.22% p.a.), low-C'S but high-DI currencies offer a higher
average excess return of 1.73% p.a. and the low-DI but medium-C'S curren-
cies give even higher average excess return (2.92% p.a.). Medium-C'S and
high-D1I currencies have the best performance, 6.49% p.a., among all. The
high-C'S currencies become unappealing to the crash-averse investors in the
aftermath of the crisis. And when the currencies with this feature are expen-
sive to hedge, they become stale to the investors. That’s why high-C'S and
high-D1 currencies also generates negative average excess return, —0.57%
p.a., which is yet slightly higher than their counterparts, because crash risk
premia still play a role here. That high-C'S but low-DI currencies yield
a positive average excess return of 2.40% p.a. illuminates the importance
of downside protection costs for the highly crash-sensitive currencies to the

investors, particularly during the crisis period.

5.83.  Asset Allocation and Risk Reversal Trade-off Strategy

Optimal portfolio as the combination of various currency trading strate-
gies reflects a representative investor’s choice on the asset allocation in high
and low volatility regimes. We use monthly-rebalancing mean-variance op-
timization approach to get the optimal portfolio weights among the curren-
cy investment strategies with a closed form solution. Although Ang and
Bekaert (2002) show that the effect of time-varying investment opportunity
sets on portfolio optimization is not big, we do find considerably different as-
set allocation implications in pre-crisis and post-crisis periods. The investor

maximizes the utility function given by:

)

Elro:] — 5070

=0 (23)

where E[xr,,] is the expected portfolio return of the combination of cur-
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rency investment strategies, afo’t denotes the volatility of the portfolio, and
~ measures the risk aversion of the investor. The vector of optimal weights
Wi = %E,;}CE[R;C], where E[Ry], ¥k is the expected return vector, and covari-
ance matrix of currency investment strategies. We also look into the tangency
portfolios, which are independent of risk-free rate and the coefficient of risk

aversion.
[Insert Figure A.4. about here]

Figure A.4. illustrates the unconditional and time-varying efficient fron-
tiers and tangency portfolios in optimal mean-variance allocations of several
studied currency investment strategies. It is clear that optimal asset allo-
cation by a representative investor according to the business cycles (such as
pre-crisis and post-crisis periods) is of paramount importance to understand
the currency risk premia. Table A.7. reports the portfolio weights of each
currency investment strategies and the asset allocation results. In previous
section, we show the risk reversal of two currency strategies trading on crash
sensitivity and downside insurance cost after the outbreak of the financial
crisis. Thus, the investor is better off by reallocating the portfolio holdings
dramatically. We find that a crash-averse investor allocates a notable weight
of 0.852 to high downside-insurance-cost currencies funded by the low coun-
terparts in post-crisis period but a zero weight to the strategy in pre-crisis
period. Similarly, he/she allocates a weight of 0.341 to high crash-sensitive
currencies funded by low counterparts in pre-crisis period but a zero weight to
the strategy in the post-crisis period. Due to the unstable performance of the
momentum strategy in business cycles, the utility-maximizing investor does
not allocate the wealth to the strategy. That the limits to arbitrage make this
strategy unexploitable by the investors is emphasized by Menkhoff, Sarno,
Schmeling, and Schrimpf (2012a). The weight to value strategy is very small
in two split periods, but in the unconditional asset allocation, investor will

assign a significant fraction of his/her wealth of 0.199 to the strategy. Carry
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trade strategy is revealed exposed to the global volatility (innovation) risk
(Menkhoff, Sarno, Schmeling, and Schrimpf, 2012a). As the result, investor
does not allocate the wealth to carry trade portfolio in the post-crisis period,
which is characterized by “high volatility” regime. Currency misalignment
strategy accounts for a large proportion of allocated wealth, 0.417, in pre-
crisis period but its weight shrinks to 0.120 in post-crisis period, implying
that overpriced (to the medium/long-run fundamental equilibrium values)
currencies are subject to depreciation risk in period of financial turmoil.
Currency carry trade and misalignment strategies have comparable weights
in unconditional allocation. Investor also optimally allocates about 0.102 of
the wealth to currency skew risk premia portfolio in pre-crisis period, which
is close to the weight to carry trades. The Sharpe ratio of the optimal risky

portfolios reaches 1.348 in tranquil period.
[Insert Table A.7. about here]

Figure A.5. presents a trading strategy?® by investing in medium-CS
and high-DI currencies funded by low-C'S and medium-D/ ones in 3 x 3
double sorting?® in comparison with the Chicago Board Options Exchange’s
(CBOE) VIX index as the market risk sentiment that has a robust pay-off
without any dramatic plummeting over the sample period, even in several
times when the VIX suddenly hiked up?.

[Insert Figure A.5. about here]

28Tts descriptive statistics are indicated in Table A.5..

29We have checked the availability of featured currencies that are eligible to be allocated
into these two baskets. There are only 1 out of 89 trading months in the investment leg
and 3 out of 89 trading months in the funding leg that no trading action is taken. So these
two portfolios are indeed actively managed.

30For example, the episodes such as BNP Paribas’ withdrawal of three money market
mutual funds in August 2007, disruption in USD money market in November 2007, Lehman
Brothers bankruptcy in September 2008, Greek maturing sovereign debt rollover crisis in
May 2010, U.S. government debt ceiling and deterioration of the crisis in Euro area in
August 2011.
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In the empirical test section, we will show which risk factor drives the
payoff of this trading strategy. The tested risk factors include the changes
in VIX (AVIX), the changes in T-Bill Eurodollar (TED) Spreads Index
(ATED), the changes in Financial Stress Index (FSI) released by Federal
Reserve Bank of St. Louis (AF'ST), the changes in the measures of govern-
ment economic policy uncertainty (Baker, Bloom, and Davis, 2012) in Europe
(GPUgy) and in U.S. (GPUyg), which are shown priced in the stock markets
(see Brogaard and Detzel, 2012; Pastor and Veronesi, 2012, 2013, among oth-
ers). excess returns of MSCI Emerging Market Index (M SCTFM), canonical
risk factors in currency, bond, and equity markets, “Quality-Minus-Junk”
risk factor (QM J) for stock markets (Asness, Frazzini, and Pedersen, 2013),
“Betting-Against-Beta” risk factors (Frazzini and Pedersen, 2014) for for-
eign exchanges market (BABprx), equity market (BABg)), sovereign bond
market (BABgy), and commodity market (BAB¢gy), as well as hedge fund
risk factors proposed by Fung and Hsieh (2001), which have been extensively
used by numerous recent studies (see Fung, Hsieh, Naik, and Ramadorai,
2008; Bollen and Whaley, 2009; Patton and Ramadorai, 2013; Ramadorai,
2013, among others). This set of monthly data includes excess returns on
Standard & Poors (S&P) 500 Index (SN P), size spreads of Russell 2000
Index (SPD%) over S&P Index, changes in 10-year treasury constant ma-
turity yields (T'BY), changes in the credit spreads of Moody’s BAA corporate
bond yields over the T-Bill yields (SPDM?) and excess returns on portfo-
lios of lookback straddle options on bonds (T'F?), currencies (TFFX), and

FC’MD)

commodities (T that replicate the performance of the trend-following

strategies in respective asset classes.

5.4. Factor Models and Estimations

We introduce two types of factor models for the estimations: Linear Fac-
tor Model for the asset pricing tests (Cochrane, 2005; Burnside, 2011), and
Generalized Dynamic Factor Model (Forni, Hallin, Lippi, and Reichlin, 2000,
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2004, 2005; Doz, Giannone, and Reichlin, 2011, 2012) for testing the risk

sources and return predictability of currency trading strategies.

5.4.1.  Asset Pricing Tests

Here we briefly summarize the methodologies used for risk-based expla-
nations of the currency excess returns. The benchmark asset pricing Euler
equation with a SDF implies the excess returns must satisfy the no-arbitrage
condition (Cochrane, 2005):

E[my - xrj,] =0 (24)

The SDF takes a linear form of m; = £ - [1 —(fi — )" b], where £ is a
scalar, f; is a k x 1 vector of risk factors, u* = E[f;], and b is a conformable
vector of factor loadings. Since £ is not identified by its equation, we set it
equal to 1, implying E[m;] = 1. Then the beta expression of expected excess

returns across portfolios is written as:

Elzr;¢| = cov[zrjy, fi E;} Xpgb (25)
[\ - vl \)\,—/
Bj

where X = E[(fy — w*)(fe — u*)T]. B, is a vector of risk quantities of n
factors for portfolio j, and A is a k£ x 1 vector of risk prices associated with
the tested factors. When factors are correlated, we should look into the null
hypothesis test b; = 0 rather than \; = 0, to determine whether or not to
include factor j given other factors. If b; is statistically significant (different
from zero), factor j helps to price the tested assets. A; only asks whether
factor j is priced, whether its factor-mimicking portfolio carries positive or
negative risk premium (Cochrane, 2005). We reply on two procedures for
the parameter estimates of the linear factor model: Generalized Method of
Moments (Hansen, 1982), as known as “GMM”, and Fama-MacBeth (FMB)
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two-step OLS approach (Fama and MacBeth, 1973)3!. They are standard
estimation procedures adopted by Lustig, Roussanov, and Verdelhan (2011),
Menkhoff, Sarno, Schmeling, and Schrimpf (2012a) that yields identical point
estimates (see Burnside, 2011 for details). We report the p — values of x?
statistics for the null hypothesis of zero pricing error based on both Shanken
(1992) adjustment and Newey and West (1987) approach in FMB procedure,
and the simulation-based p — values for the test of whether the Hansen-
Jagannathan (Hansen and Jagannathan, 1997) distance (HJ — dist) is equal
to zero®? in the GMM procedure. Given that both the time span of our
sample and the cross section of currency portfolios are limited, the R? and
the Hansen-Jagannathan test are our principal concerns when interpreting
the empirical findings, which are reported only if we can assuringly detect a

statistically significant .

5.4.2.  Common Risk Factor of Currency Trading Strategies

To estimate the common risk sources and return predictability of the for-
eign exchanges (FX) trading strategies, we use Generalized Dynamic Factor
Model (GDFM) (see Forni, Hallin, Lippi, and Reichlin, 2000, 2004, 2005;
Doz, Giannone, and Reichlin, 2011, 2012) in a state space representation.
This econometric methodology is typically useful for extracting the common
latent component(s) of a large dimension of variables by compacting their
information into a smaller dimension of information while minimizing the
loss of information. We also apply GDFM to a pool of exchange rate series,

as portfolio approach may lead to the loss of information. Ample studies

31Notably, we do not include a constant in the second step except for the tail sensitivity
portfolios which are sorted according to the copula correlation with the currency “market
portfolio”. These portfolios have monotonic exposures to the global market, hence the
dollar risk factor does not serve as a constant that allows for a common mispricing term.

32Hansen-Jagannathan (Hansen and Jagannathan, 1997) distance gives a least-square
distance between the tested pricing kernel and the closest pricing kernel among a set of
pricing kernels that price the tested assets correctly. It is calculated by a weighted sum
of random variables that follow a x? distribution. For more details, see Jagannathan and
Wang (1996); Parker and Julliard (2005).
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exploit approximate factor models for dynamic panel data under similar as-
sumptions (e.g. Stock and Watson, 2002a,b; Bai and Ng, 2002; Bai, 2003;
Bai and Ng, 2006). Forni, Hallin, Lippi, and Reichlin (2005) find the su-
periority of their Generalized Principal Components Estimator (PCE) over
other PCEs in terms of accuracy in the Monte Carlo experiments, especial-
ly when the dynamics in the common and idiosyncratic latent components
are persistent®®. Applications of GDFM to analyzing and forecasting the
common fluctuations among a large set of macroeconomic fundamentals are
popularized by the scholars (e.g. Kose, Otrok, and Whiteman, 2003; Stock
and Watson, 2005; Giannone, Reichlin, and Small, 2008; Kose, Otrok, and
Prasad, 2012). However, it is rare in the literature that applies GDFM to

the financial markets.

We conduct a likelihood ratio to test the null hypothesis that the number
of common components is zero, and reject it with a p — value of 0.000. Then
we employ information criteria developed by Hallin and Liska (2007)3* and
Ahn and Horenstein (2013)% to determine the number of dynamic and static
factors respectively in GDFM. The results suggest two static and one dynam-
ic factor that summarizes the common dynamics of the variables and explains
over 50% variation in variables®®. These factors are the representative “Co-
incident Indices” or “Reference Cycles” that measure the comovements of
the exchange rate component of FX trading strategies, and of the global
currencies (see Stock and Watson, 1989; Croux, Forni, and Reichlin, 2001).

Let Vi = (Y1.4, Yoty oo ynﬁt)T, denoting a large dimension of variables. Y; in a

33Boivin and Ng (2005) compare different PCEs, including various feasible Generalized
PCEs but only find nuances in forecasting performances.

34Note that the information criteria proposed by Bai and Ng (2007) is for the Restricted
Dynamic Factor Model.

35Tt is built on the methodology proposed by Bai and Ng (2002) by maximizing the
adjoining eigenvalue ratio with respect to the number of factors.

3650.87% of total variation of the FX trading strategies, and 62.46% of total variation of
the global currencies. Currencies for which the CIP unhold in certain periods are excluded.
Currency, such as ARS, has a zero correlation with the market portfolio (global market)
is also excluded.
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GDFM representation is given by:

Y, = AF, +u, (26)
O(L) F, = v, (27)
U(L)u =1y (28)

where F; = [¢),91,..,97,]" is a k x 1 vector of unobserved common
“static” components with a corresponding n x k matrix of factor loadings
A; for i =1,2,...,1 and a corresponding k X k matrix of autoregressive coef-
ficients ©; for for j = 1,2,...,p, g; is a h x 1 vector of dynamic stationary
factors such that & = (1 + ) h, and u; is a n X 1 matrix of idiosyncrat-
ic component with a corresponding n x n matrix of autoregressive coeffi-
cients W. L in the parentheses is the lag polynomial operator, for example,
OL)=1-6;L—6yL*— ... —0, L. g, and uy, u; and v; are independent
processes. All error terms follow the Gaussian i.i.d. normal distribution and
cross-sectionally independent for any ¢, # t,. Doz, Giannone, and Reichlin
(2012) show that under the assumption of no cross-sectional correlation in the
idiosyncratic component, Equation (26) can be estimated by (Quasi) Max-
imum Likelihood Estimator (MLE) using Expectation Maximization (EM)
algorithm. Doz, Giannone, and Reichlin (2011) propose a two-step estima-
tor that combines principal component approach with state space (Kalman
filter) representation. These two methods are particularly useful for a large
dimension of variables, such as global currencies. We adopt Forni, Hallin,
Lippi, and Reichlin’s (2005) one-sided generalized PCE for the FX trading
strategies. The first common dynamic factors that explain over half of the
total variations of the variables extracted by MLE and PCE methods are

robust, as they have very high correlations of over 0.95.
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6. Empirical Results

We first focus on currency carry trades. The top panel of Table A.9.
below shows the asset pricing results with GDR and HM Lgry;. The high-
est interest-rate currencies load positively on misalignment risk and the low
interest-rate currencies offer a hedge against it. The risk exposures are mono-
tonically increasing with the interest rate differentials. The cross-sectional R?
is very high, about 0.973%". The coefficients of 3, b and X are all statistically
significant, so misalignment risk helps to price currency carry portfolios and
this factor is priced in the excess returns of these portfolios. The factor price
of misalignment risk is 5.881% p.a., and the Mean Absolute Error (MAE) is
only about 20 basis points (bps), which is very low. The p — values of x?
tests from Shanken (1992) and Newey and West (1987) standard errors, and
those of the HJ — dist (Hansen and Jagannathan, 1997) all suggest that we

accept the model.
[Insert Table A.9. about here]

In the bottom panel of Table A.9., we substitute the slope factor with
the skew risk premia factor and find that the factor price is also statistically
significant (about 5.422% p.a.) and hence priced in the cross-sectional excess
returns of currency carry trades. The risk exposures also exhibit monotonic
pattern across portfolios. The model is also confirmed correct by y? and
HJ — dist tests, with a MAE of about 23 bps. All these suggest that high
interest-rate currencies are likely to be overpriced to their equilibrium values
that keep their macroeconomic fundamentals in a sustainable path and high
interest-rate currencies also tend to have higher crash risk premia. Skew
risk premia contain valuable ex-ante information about the profitability of

currency carry trades.

[Insert Table A.10. about here]

37S0 do the time-series R?s that are persistently over 0.90 across portfolios.
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Table A.10. provides the robustness checks on the monotonicity in factor
exposures to currency misalignment and crash risk, and on corresponding
beta-sorted portfolios. We can see both sets of risk exposures pass strict and
pairwise M R tests. And both types of portfolios sorted by the beta of each
currency with respective risk factors exhibit a very close monotonic pattern
in average excess returns and forward discounts. Although they mimic the
monotonicity in average excess returns and forward discount of currency car-
ry trades, their higher moments are not alike those of the currency carry
portfolios. This means sorting currencies by beta with currency misalign-
ment or crash risk is relevant to but not identical to currency carry trades,
which needs more precise explanations. Global tail risk has statistically sig-
nificant factor price but does not possess much cross-sectional pricing power

on currency carry trades.
[Insert Table A.11. about here]

We then run a horse race of currency misalignment risk with Menkhoff,
Sarno, Schmeling, and Schrimpf’s (2012a) global FX volatility (innovation)
risk (GVI). As shown in Table A.11., only a very little improvement on
the cross-sectional R?. We can still see monotonicity in risk exposures to
HMLgry but not to GVI3®, but both b and A\ become statistically in-
significant from zero. Although currency misalignment risk cannot dominate
volatility risk in explaining the cross section of the excess returns of cur-
rency carry portfolios, it links carry trade risk premia to a single composite
macroeconomic fundamental indicator. When competing with Huang and
MacDonald’s (2013) global sovereign (innovations in aggregate-level CDS
spreads) risk (GSI), the factor loadings and prices of HM Lggy are still
statistically significant while those of GSI are not (see Table A.12.). In the

horse race of currency skew premium risk (HM Lggp) with the above two

38In a two-factor linear model of GDR 4+ GV I, the risk exposures to GV I exhibit a
monotonic pattern and the factor price of GV is statistically significant (—0.323% with
a standard error of 0.123).
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innovation series, it dominates GS1 in terms of statistically insignificant in
b and A\ while neither GV I or HM Lgrp dominates in the cross-sectional

39 And HM Lggry outperforms HM Lgrp in the cross-sectional

regression
test(see Huang and MacDonald, 2013, for the horse races of other candidate
risk factors). These results suggest that high interest-rate currencies share
common characteristics in (overvalued) REER misalignment and (negative)

skew risk premium.
[Insert Table A.12. about here]

Table A.13. further shows that currency misalignment portfolios are also
subject to crash risk (a R? of 0.695), but to a lesser degree than carry trade
portfolios. Overvalued currencies positively load on skew risk premium factor
while the undervalued ones provide a hedge against this type of risk. The
factor price is statistically significant, about 8.560% p.a. and the model

passes all zero pricing-error tests.
[Insert Table A.13. about here]

We then look into the currency momentum strategy. Menkhoff, Sarno,
Schmeling, and Schrimpf (2012b) argue that it is the limits to arbitrage
that prevent this type of trading profitability from being exploitable. We
offer evidence analogous to that of Avramov, Chordia, Jostova, and Philipov
(2007) in equity market that stock momentum is mainly found in high credit
risk firms? which are subject to illiquidity risk. And the difficulty in sell-
ing short can hinder the arbitrage activity as well. The top panel of Table
A.14. above reveals that sovereign credit risk (H M Lg¢) proposed by Huang
and MacDonald (2013) drives currency momentum over our sample period
in which the investors have experienced Subprime Mortgage Crisis and Eu-

rope Sovereign Debt Crisis. We also find strictly monotonic risk exposures

39The results are not reported but can be provided upon request.
40For instance, those whose corporate bonds are rated at non-investable grade.
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across currency momentum portfolios, winner currencies load negatively on
HM Lsc while loser currencies positively, implying that winner currencies
perform well when sovereign credit risk is low and loser currencies provide a
hedge against it when sovereign credit risk is high. This is concordant with
poor performance of currency momentum strategy during the recent period
of credit crunch. The factor price of HM Lg¢ is negative, so sovereign credit
risk offers a high premium about 13.496% p.a (with an acceptable statistical
significance) to the currency momentum investors. This model has a R? of
0.651 with a MAE of about 42 bps, and is accepted by x? and H.J —dist tests
for zero pricing errors. Sovereign credit risk is the only factor that yields sta-
tistical significant factor price and good cross-sectional pricing power among

the canonical risk factors used in Huang and MacDonald (2013).
[Insert Table A.14. about here]

We also investigate the currency volatility risk premium strategy by test-
ing the cross-sectional pricing power and statistical significance in factor price
of each of these canonical risk factors, and find that only the sovereign cred-
it risk, to some extent, may contribute to the volatility risk premia. The
bottom panel of Table A.14. indicates that the profit brought by a trading
strategy which borrows low downside-insurance-cost (high volatility risk pre-
mium) currencies to invest in the currencies characterized by high position-
protection cost (low volatility risk premium) can be understood from the
angle of sovereign credit risk as well. The crash-averse investors are actual-
ly paying high insurance premia to protect their currency positions against
sovereign credit risk implied in the currencies. The price for this factor to
this trading strategy is 5.198% p.a. and statistically significant. The cross-
sectional R? is 0.820 with a MAE of approximately 55 bps.

None of the candidate risk factors studied in this paper and Huang and
MacDonald (2013) can give acceptable levels of R? and statistical significance

in both factor loading and price to explain the cross section of the excess
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returns of currency value, crash sensitivity, and skew risk premium portfolios.
Nevertheless, we find some evidence of monotonicity in factor exposures of
these three types of currency investment strategies, with regard to sovereign
credit risk, position-unwinding risk, and REER misalignment risk (see Table
B.3. in Appendix B).

We propose a double-sorting trading strategy accordingly that buys medi-
um crash-sensitivity and high downside-insurance-cost currencies while sells
low crash-sensitivity and medium downside-insurance-cost currencies. Choos-
ing the medium level in one sorting dimension that is subject to risk rever-
sals in both long and short positions while keeping another in top (for long
position) and bottom (for short position) levels is actually a trade-off of
time-varying risk premia in between two regimes. That’s why its payoff is
almost immunized from the reversals in risk premia in high volatility regime
while still perform well in low volatility regime, as shown in Figure A.5. The
cumulative excess return series of this trading strategy has a statistically
significant drift term of 9.60% p.a. in the linearity fitting with time, rep-
resenting very high expected excess returns regardless of the business cycle

risk. Understand the risk nature of it is our next task.
[Insert Table A.15. about here]

Table A.15. presents the time-series asset pricing test on the excess re-
turns of our proposed trading strategy. We have five groups of risk factors:
Common risk factors in currency market (Lustig, Roussanov, and Verdel-
han, 2011) plus two additional risk factors that capture currency momentum
(Menkhoff, Sarno, Schmeling, and Schrimpf, 2012b) and fair value in the
Panel A; Common risk factors in stock market (Fama and French; 1992
1993) plus winner-minus-loser (Carhart, 1997) and quality-minus-junk (As-
ness, Frazzini, and Pedersen, 2013) risk factors in Panel B; Hedge fund risk
factors (Fung and Hsieh, 2001) in the Panel C; Betting-against-beta risk fac-

tors for foreign exchanges, equity, sovereign bond, and commodity markets
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(Frazzini and Pedersen, 2014) in Panel D; And other risk factors, including
measures of government economic policy uncertainty (Baker, Bloom, and
Davis, 2012), are grouped together in the Panel E. It is shown that the al-
pha estimates of our proposed strategy are all statistically significant and
essentially unaffected by the inclusion of any of these risk factors. The es-
timated annualized alphas are virtually close to the average annual excess
returns brought by this strategy, which means the anomaly is substantial. Al-
though in terms of statistical significance, this anomaly is related to forward
bias risk, commodity trend-following risk, risk associated with the betting
against sovereign bond beta, emerging market risk, volatility risk. But only
forward bias risk can explain the pay-off of this strategy at an acceptable

Adjusted — R? level.
[Insert Figure A.6. about here]

The correlation of the dynamic latent factors between the exchange rate
return component of FX trading strategies and a large set of individual cur-
rencies is 0.83 (see Figure A.6). The coincidence index of FX trading s-
trategies has a smaller variation than that of global currencies because the
weighted averages of idiosyncratic components in portfolio returns converge
to zero. The FX trading strategies have distinctive loadings on the coinci-
dence index while most of the individual currencies share similar loadings*!
(see Table A.16.). Currency strategies trading on interest-rate differentials,
misalignments, crash sensitivity, and skew risk premia positively load on the
coincidence index while currency momentum, value, and downside protection
cost strategies share similar negatively loadings. Our risk reversal trade-off
strategy has the lowest loadings in absolute value on the coincidence index so
that the influence of the risk reversal of the common risk source is minimum

among the studied FX trading strategies.

41 A1l currencies except for JPY, which has a slightly negative loading, positively load
on the coincidence index.
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[Insert Table A.16. about here]

Panel A of Table A.17. presents the tests of risk sources on the coinci-
dence index of the FX trading strategies (D Fppr). The innovations in global
sovereign CDS spreads (GST) as the proxy for sovereign credit risk alone cap-
tures about 60% of the variation of DFpp; and is statistically significant at
1% level. The best-performance combination in a two-factor linear model -
global skew (crash) risk (GSQ) and ASV RN together explain approximately
71% of the variation of DFpry. Panel B of Table A.17. reports the dynam-
ic correlations (see Croux, Forni, and Reichlin, 2001) between DFppr; and
GSI. Both of the dynamic and static correlations are quite high, especially
the short-term correlation reaches 0.90. In sum, sovereign credit risk is the

common risk source of the FX trading strategies.
[Insert Table A.17. about here]

Figure A.7. and Table A.18. show the forecasting performance of the
common exchange rate components of eight currency investment strategies
from 1-month to 6-month ahead using GDFM. We find GDFM does a rela-
tively good job in 1-month ahead forecasting but its performance is not sta-
ble over the time horizons; and on average the currency investment strategy
trading on volatility risk premia has the best exchange rate predictability by
GDFM among others, which is concordant with the findings of Della Corte,
Ramadorai, and Sarno (2013) in terms of Root Mean Square Forecasting
Error (RMSFE).

[Insert Figure A.7. about here]

[Insert Table A.18. about here]
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7. Conclusion

Our empirical findings vindicate that misalignment risk contributes to the
currency carry trade premia. High interest-rate currencies positively load on
misalignment risk while low interest-rate currencies provide a hedge against
it. The mechanism is related to Gourinchas and Rey’s (2007) analytical
framework that highlights to the valuation channel of global imbalances. It
is discussed in detail in Huang and MacDonald (2013). However, that exter-
nal adjustment is just an ingredient of misalignment risk entails the theory to
be extended, encompassing the internal adjustment of the economy as well.
Investments in currencies that are overpriced to their fundamental equilibri-
um values, funded by undervalued currencies is remunerated with a pay-off
that is similar to carry trades. Both the currency carry and misalignment
portfolios trade on the position-unwinding likelihood indicator (Huang and
MacDonald, 2013) that explores the probability of the UIP to hold in the
option pricing model, so do other currency investment strategies studied in
this paper. Apart from the recent NBER recession period, the exchange
rate return component positively contributes to the cumulative wealth to
the strategy trading on REER misalignments, which is unlike currency carry
trades. We also reveal that currency crash (skew) risk premia is driven by
REER misalignments but the reverse is not true. High (low) interest-rate
currencies are likely to have low negative (high positive) skew risk premia
in our definition, which contains predictive information about the expected
changes in the likelihood for UIP to hold in the future (crash risk premia
of the foreign currencies versus USD). The profitability of currency carry
trades may not just rely on interest rate differentials, since skew risk premia
also offer valuable ex-ante information about the future spot-rate movements.
Moreover, the skew risk premia strategy mimics both yield and exchange rate
return components of currency carry trades. In our analysis, forward premia
appear to be the crash risk premia driven by the REER misalignments in

comprehensive evaluation. Sovereign credit risk partially contributes toward
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the REER misalignment.

Furthermore, we show that both the cross sections of currency portfolios
sorted by momentum and downside protection cost can be understood from
the perspective of sovereign credit risk. Winner currencies performance well
when sovereign default probability is low and loser currencies provide the
hedge against this type of risk when sovereign default probability becomes
high. Sovereign credit risk also seems to push up the insurance costs for
crash-averse investors to protect the downside risk of their currency positions.
Skew premium risk is also priced in the currency portfolios sorted by REER
misalignment and explains about 70% of the cross-sectional excess returns.
Currency value, crash sensitivity and skew risk premium portfolios cannot be
priced by any candidate risk factor we consider in our cross-sectional asset
pricing tests. Moreover, we propose a double-sorting trading strategy that
strikes a balance in time-varying risk premia between low and high volatility
regimes and avoids risk reversals effectively. It generates a sizeable alpha that
cannot be rationalized by any canonical risk factors in time-series regressions.
The innovations in global sovereign CDS spreads is the key contributor to the
factor that captures the common dynamics of the several studied currency
trading strategies. From asset allocation perspective, a crash-averse investor
would optimally choose a relatively diversified portfolio in tranquil period
by allocating about 40% of the wealth to currency misalignment strategy
and about 35% to crash sensitivity strategy, with about 10% to carry trades
and skew risk premia strategy respectively. While in turmoil period, the
investor would reallocate his/her portfolio holdings dramatically to volatility
risk premia strategy with a weight of about 85% of the wealth. This behavior
pattern is related to the risk-bearing capacity of the financial intermediaries
(Gabaix and Maggiori, 2014), such as the market risk sentiment and the

funding liquidity constraint during the financial distress.

Our next step is to extend the sample period as we’ve got a data set with
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longer time span. A lot of future work can be done, e.g. building a macro-
finance pricing model for exchange rates with the respect to misalignment
risk, identifying which macroeconomic fundamental makes a currency crash
sensitive and expensive to hedge, verifying the time variation of “limit to ar-
bitrage” and the hedgers and speculators’ motivations for portfolio selections

of currencies under informational ambiguity and learning process, etc.
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Appendix A.

Table A.1. Global Real Effective Exchange Rate Misalignments

Currency Misalignment (%) | Currency Misalignment (%)
JPY 9.1 EUR 4.1
KRW 15.8 GBP 5.0
HKD 23.0 AUD -5.5
TWD 12.4 NZD -9.6
SGD 224 CAD 0.5
MYR 23.1 CHF 7.6
THB 10.7 SEK 13.9
PHP 6.8 DKK 104
IDR 11.0 NOK 7.2
INR 5.6 ZAR 0.9
RUB 5.0 BRL -0.1
PLN 2.3 CLP 1.8
RON 6.9 COP 0.1
HUF 1.8 ARS 4.1
CZK 3.5 PEN 3.2
SKK 2.8 MXN 1.3
TRY -6.3 ILS 5.7

This table reports the average REER misalignments of 34 currencies. A positive (negative)
value means that the currency needs to appreciate (depreciate) against USD to reach its
equilibrium REER. The sample period is from 2005 to 2012.
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Table A.2. Descriptive Statistics of Currency Portfolios (Carry & Misalign-
ment)

All Countries with Bid-Ask Spreads
Portfolios Pyocrr  Pocrr Pscrr  Picrr  Pscrr
Mean (%) 045 157 244 294 457
Median (%)  3.67  3.71 6.02 834 1117
Std.Dev. (%) 741 856 931 1061  10.71

Skewness -0.16 -0.26 -0.56 -0.53 -0.51
Kurtosis 0.18 0.21 0.82 0.62 0.57
Sharpe Ratio 0.06 0.18 0.26 0.28 0.43
AC(1) 0.01 -0.09 0.05 0.15 0.14
Portfolios Pirpvy  Porpm ParBv Pirpm  Psrm
Mean (%) 0.77 0.85 1.42 3.51 5.35
Median (%) 1.27 2.05 0.95 8.71 15.60
Std.Dev. (%) 6.08 8.44 10.05 9.65 12.00
Skewness -0.01 -0.60 -0.25 -0.62 -0.67
Kurtosis 0.05 0.89 0.26 0.88 0.81
Sharpe Ratio 0.13 0.10 0.14 0.36 0.45
AC(1) -0.01 0.04 0.14 0.04 0.06

This table reports descriptive statistics of the transaction-cost adjusted (bid-ask spread-
s) annualized excess returns in USD of currency carry (CRT) trade and misalignment
(FBM) portfolios sorted by 1-month forward premium, and by REER misalignments,
respectively. The 20% currencies with the lowest sort base are allocated to Portfolio P,
and the next 20% to Portfolio P», and so on to Portfolio Ps which contains the highest
20% sort base. The portfolios are rebalanced monthly according to the updated sort base.
The sample period is from September 2005 to January 2013. The mean, median, standard
deviation and higher moments are annualized (so is the Sharpe Ratio) and in percent-
age. Skewness and kurtosis are in excess terms. AC(1) is the first order autocorrelation
coefficients of the monthly excess returns.
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Log Excess Returns (Monthly)

Figure A.1. Forward Bias Risk vs. REER Misalignment Risk
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This figure shows exchange rate misalignment risk (HM Lggys) in comparison with
Lustig, Roussanov, and Verdelhan’s (2011) forward bias risk (HM Lrp) from September

2005 to January 2013.
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Table A.3. Global Currency Crash Sensitivity

Currency LTD UTD | Currency LTD UTD
JPY 0.048 0.010 | EUR 0.626  0.599
KRW 0.115 0.202 | GBP 0.349 0.281
HKD 0.027 0.080 | AUD 0.455 0.412
TWD 0.141 0.183 | NZD 0.428 0.346
SGD 0.457 0.513 | CAD 0.368 0.329
MYR 0.162 0.230 | CHF 0.332 0.248
THB 0.096 0.132 | SEK 0.600 0.582
PHP 0.087 0.207 | DKK 0.625 0.595
IDR 0.093 0.167 | NOK 0.619 0.608
INR 0.148 0.238 | ZAR 0.360 0.427
RUB 0.448 0.485 | BRL 0.314 0.395
PLN 0.620 0.650 | CLP 0.205 0.226
RON 0.557 0.582 | COP 0.221 0.172
HUF 0.636 0.601 | ARS 0.000 0.010
CZK 0.543 0.548 | PEN 0.102 0.086
SKK 0.610 0.591 | MXN 0.254 0.305
TRY 0.323 0.413 | ILS 0.268 0.277

This table reports the average Lower Tail Dependences (LT D) at 10% quantile and Upper
Tail Dependences (UT'D) at 90% quantile of 34 currencies. The sample period is from
September 2005 to January 2013.
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Table A.4. Global Currency Downside Insurance Cost

Currency VRP (%) SRP | Currency VRP (%) SRP
JPY -1.230 -0.515 | EUR -1.082 0.261
KRW -2.396 0.802 | GBP -0.543 0.361
HKD -0.553 -1.860 | AUD 0.232 0.557
TWD -2.036 0.129 | NZD 0.073 0.586
SGD -1.060 0.227 | CAD -0.407 0.269
MYR N/A N/A | CHF -0.389 -0.031
THB -2.142 0.273 | SEK -0.337 0.277
PHP N/A  N/A | DKK 1204 0.245
IDR N/A N/A | NOK -0.121 0.259
INR -2.379 0.751 | ZAR -2.070 0.889
RUB -2.406 0.801 | BRL -2.747 1.173
PLN -1.473 0.656 | CLP -3.089 0.876
RON N/A N/A | COP -4.005 0.751
HUF 0755 0.850 | ARS N/A  N/A
CZK .0.953  0.374 | PEN N/A  NJA
SKK -0.430 0.225 | MXN -2.899 1.036
TRY 2266 1.137 | ILS N/A  N/A

This table reports the average downside insurance costs measured by volatility and skew
risk premia of 27 currencies using model-free approach. The sample period is from Septem-
ber 2005 to January 2013.
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Table A.5. Descriptive Statistics of Currency Trading Strategies

All Countries with Bid-Ask Spreads
Portfolios CRT FBM MMT PPV MCS VRP SRP DS
Mean (%) 2.29  2.36 -0.75 078 -356 0.31 153 6.69
Median (%) 274 5.32 -0.71 063 -2.23 -0.88 583 7.23
Std.Dev. (%) 7.86  9.10 8.18 756 10.84 794 881 8.39

Skewness 017 -0.75 011 012 -0.31 051 -0.36 -0.15
Kurtosis 011 112 019 014 025 088 033 0.08
Sharpe Ratio  0.29  0.26  -0.09 0.10 -0.33 0.04 0.17 0.80
AC(1) 014 004 -0.12 -0.10 -001 0.15 027 0.00

This table reports descriptive statistics of the transaction-cost adjusted (bid-ask spread-
s) annualized excess returns in USD of eight currency trading strategies: carry trades
(CRT), REER misalignment (FBM), momentum (MMT), value (PPV), crash sensitiv-
ity (MCS), volatility risk premium (VRP), and skew risk premium (SRP). We invest
in the top 20% currencies with the highest sort base funded by the bottom 20% cur-
rencies with lowest sort base. The last column contains the descriptive statistics of a
double-sorting (D.S) strategy that invests in medium-C'S and high-DI currencies funded
by low-CS and medium-DI ones. The portfolios are rebalanced monthly according to
the updated sort base, if it is available. The sample period is from September 2005 to
January 2013. The mean, median, standard deviation and higher moments are annualized
and in percentage. Skewness and kurtosis are in excess terms. AC(1) are the first order
autocorrelation coefficients of the monthly excess returns.
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Cumulative Wealth

Figure A.2. Decomposition of Cumulative Wealth to Currency Trading S-

trategies
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This figure shows the decompositions of the cumulative transaction-cost adjusted wealth
(excess return) to the eight currency trading strategies into exchange rate (transaction-
cost adjusted) return and yield (interest rate differential) components. The sample is

from September 2005 to January 2013.
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Table A.6. Monotonicity Tests for Excess Returns of Currency Portfolios

Whole Sample
Portfolios MR MRp MRy MRp
CRT 0.004 0.003 0.025 0.959
FBM 0.044 0.042 0.080 0.953
MMT 0.288 0.271 0.309 0.691

PPV 0.037 0.029 0.046 0.956

MCS 0.343 0.276 0.747 0.564

VRP 0.145 0.237 0.421 0.809

SRP 0.238 0.228 0.296 0.816
Pre-crisis

Portfolios MR MRp MRy MRp

MCS 0.544 0.389 0.040 0.593

VRP 0.977 0.935 0.621 0.093
Post-crisis

Portfolios MR MRp MRy MRp

MCS 0.746 0.833 0.952 0.051

VRP 0.184 0.161 0.067 0.865

This table reports the p-values of the statistics from the monotonicity tests (Patton and
Timmermann, 2010) for the excess returns of the five portfolios of each currency trading
strategy: carry trades (CRT), REER misalignment (FBM), momentum (MMT), val-
ue (PPV) crash sensitivity (MCS), volatility risk premium (VRP), skew risk premium
(SRP). The excess returns are transaction-cost adjusted (bid-ask spreads) and annualized
in USD. MR, MRp, and M Ry denotes the test of strictly monotonic increase across five
portfolios, the test of strictly monotonic increase with pairwise comparisons, and the test of
general increase pattern, respectively. M Rp represents the test of general decline pattern.
The sample period is from September 2005 to January 2013. The profitability patterns
of two strategies based on crash sensitivity and downside insurance cost notably reverse
after the outbreak of the recent financial crisis, so we report further monotonicity tests
that split the whole sample into pre-crisis and post crisis periods for these two strategies.
Momentum strategy does not exhibit any strict or general monotonicity in profitability
pattern across portfolios in all three sample categories.
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Figure A.3. Time-varying Risk Premia of Crash Sensitivity & Downside
Insurance Cost
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This figure shows the regime-dependent behavior of currency risk premia, i.e. distinctive
pre-crisis and post-crisis performances of the portfolios with the lowest crash sensitivity
(PFLgge) and highest crash sensitivity (PFLggu), and the portfolios with lowest
downside insurance cost (PFLp;c) and highest downside insurance cost (PFLpyu). The
sample is from September 2005 to January 2013.
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Mean of Portfolio Excess Returns (%)

Figure A.4. Time-varying Efficient Frontiers & Tangency Portfolios
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This figure shows the time-varying Efficient Frontiers (EF) and Tangency Portfolios
(T'P) in the whole sample (unconditional), pre-crisis, and post-crisis periods. The sample
is from September 2005 to January 2013, and split by September 2008.
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Table A.7. Optimal Risky Portfolios

Portfolio Weights Utility Maximization
Portfolios CRT FBM MMT PPV MCS VRP SRP | Ezre:] (%) oo+ (%) Sharpe Ratio
Unconditional 0.366 0.435 0 0.199 0 0 0 2.040 6.270 0.325
Pre-crisis 0.136 0.417 0 0.004 0.341 0 0.102 6.960 5.162 1.348
Post-crisis 0 0.120 0 0.028 0 0.852 0 3.480 6.305 0.552

This table reports the optimal portfolio weights for several studied currency investment strategies in the whole sample (un-
conditional), pre-crisis, and post-crisis periods, as well as the corresponding excess returns (E[zr,,]), volatilities (o,,), and

Sharpe ratios. The coefficient of risk aversion 7 is set to 3. The sample is from September 2005 to January 2013, and split by
September 2008.



Table A.8. Currency Portfolios Doubly Sorted by Crash Sensitivity & Down-
side Insurance Cost

All Countries without Transaction Costs

CS Bottom Mezzanine Top
DI Low High Low High Low High
Mean (%) 122 173 292 649 240 -0.57

Median (%) 3.66 273 414 1143 717 481
Std.Dev. (%) 896 6.81 11.28 10.25 14.18 12.95

Skewness -1.02 -0.08 -0.57 -0.21 -0.57 -0.39
Kurtosis 1.79 0.09 088 0.03 0.75 0.31
Sharpe Ratio -0.14 0.25 0.26 0.63 0.17 -0.04
AC(1) -0.08 0.12 0.19 0.03 0.04 0.01

This table reports descriptive statistics of the excess returns of currency portfolios sorted
on both individual currencies’ crash sensitivity (CS) measured by copula method and
downside insurance cost (DI) implied in moment swaps, from September 2005 to January
2013. The portfolios are doubly sorted on bottom 30%, mezzanine 40%, and top 30% basis.
All excess returns are monthly in USD with daily availability and adjusted for transaction
costs (bid-ask spreads). The mean, median and standard deviation are annualized and in
percentage. Skewness and kurtosis are in excess terms. The last row AC(1) shows the
first order autocorrelation coefficients of the monthly excess returns.
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This figure shows the Chicago Board Options Exchange VIX index as the measure
of market-wide risk sentiment and the cumulative excess returns of a trading strategy
(PDLpg) that holds high crash-sensitivity and high downside-insurance-cost currencies
funded by the low counterparts via double-sorting approach. The sample is from
September 2005 to January 2013.
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Table A.9. Asset Pricing of Currency Carry Portfolios

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bapr  BERM bepr  berv  Aepr  Agrm R?  p—wvalue MAFE
Picrr  1.013  -0.349 %
(0.046) (0.045) | FMB 2.380 5.881 0.973 0.208
Pycrr 1.060  -0.194 (2.197)  (2.207) (0.976)
(0.052)  (0.059) [2.174]  [2.238] [0.976]
Pscrr  1.007 0.033
(0.040)  (0.045) HJ — dist
Pycrr  1.090 0.117 | GMM; -0.390 0.868 2.380 5.881  0.973 0.912 0.208
(0.048)  (0.043) (0.368) (0.348) (1.665) (2.411)
BPscrr  0.829 0.392 | GMMsy -0.368 0.879 2.653 6.138  0.932 0.259
(0.047)  (0.050) (0.468)  (0.399) (3.406) (2.292)
Bepr  Bsrp bepr  bsrp  Aepr  Asgp  R?  p—wvalue MAFE
Picpr 0912 -0.288 x°
(0.047) (0.048) | FMB 2.387 5.422  0.963 0.233
Pycrr 1045  -0.234 (2.186) (2.022) (0.954)
(0.048)  (0.037) [2.174]  [1.972] [0.958]
Pscpr  1.042  -0.017
(0.050)  (0.028) HJ — dist
Pyorr 1.104 0.131 | GMM; -0.093 0.639 2.387 5.422  0.963 0.798 0.233
(0.041) (0.033) (0.094) (0.325) (1.718) (2.081)
BPscrr  0.896 0.408 | GMM> -0.047 0.638 2.792 5.642  0.875 0.398
(0.052)  (0.050) (0.041) (0.348) (1.985) (2.127)

This table reports time-series factor exposures (), and cross-sectional factor loadings (b) and factor prices (A) for comparison
between two linear factor models (LFM) both based on Lustig, Roussanov, and Verdelhan’s (2011) dollar risk (GDR) as
the intercept (global) factor but differ in slope (country-specific) factor. The LFM in the top panel employs exchange rate
misalignment risk (HM Lggrys) and the LFM in the bottom panel adopts skew premium risk (HM Lgsgp). The test assets
are the transaction-cost adjusted excess returns of five currency carry portfolios from September 2005 to January 2013. The
coefficient estimates of Stochastic Discount Factor (SDF) parameters b and A are obtained by Fama-MacBeth (F'M B) without
a constant in the second-stage regressions (Fama and MacBeth, 1973), and by fist-stage (GM M;) and iterated (GM M)
Generalized Method of Moments procedures. Newey-West VARHAC standard errors (Newey and West, 1987) with optimal
lag selection (Andrews, 1991) and corresponding p-value of x? statistic (for testing the null hypothesis that the cross-sectional
pricing errors are jointly equal to zero) are in the parentheses. The Shanken-adjusted standard errors (Shanken, 1992) and
corresponding p-value of x? statistic are in the brackets. The cross-sectional R?, the simulation-based p-value of Hansen-
Jagannathan distance (Hansen and Jagannathan, 1997) for testing whether it is equal to zero (HJ — dist), and Mean Absolute
Error (M AFE) are also reported.



Table A.10. Robustness Check: Monotonicity Tests for Betas & Currency
Portfolios Sorted by Betas

BERM
Tests Statistics | Portfolios L LM M UM H
Mean (%) 1.73  1.95 2.07 227 3.50
Bs — b1 0.74 Median (%) 433 439 201 591 5385
bootstrap —t 5.64 Std.Dev. (%) 8.61 823 818 10.59 10.61
p — value 0.00 Skewness -0.03 -0.37 -0.33 -0.61 -0.73
MR 0.00 Kurtosis 0.00 046 0.25 0.83 1.18
MRp 0.00 Sharpe Ratio 0.20 0.24 0.25 0.21 0.33
f—s5 %) -0.42 1.15 228 270 5.12
Bsrp
Tests Statistics | Portfolios L LM M UM H
Mean (%) 1.75 193 217 244 358
Bs — B 0.70 | Median (%)  4.10 7.15 210 6.47 10.46
bootstrap — t 6.32 Std.Dev. (%) 10.41 13.20 5.95 1042 11.81
p — value 0.00 Skewness -0.14 -041 -0.46 -0.68 -0.59
MR 0.00 Kurtosis 0.07 038 0.61 1.11 0.74
MRp 0.00 Sharpe Ratio 0.17 0.15 0.36 0.23 0.30
f—s5 %) -0.75 199 243 243 5.39

The left panel of this table reports the monotonicity tests (Patton and Timmermann, 2010)
for the risk exposure to HM Ly (REER misalignment factor), and to HM Lsgp (skew
risk premium factor), respectively. M R, and M Rp denotes the test of strictly monotonic
increase across five portfolios, and the test of strictly monotonic increase with pairwise
comparisons, respectively. The right panel of this table reports descriptive statistics of
the excess returns of currency portfolios sorted on individual currencies’ monthly rolling-
window estimates of Sgryr and Ssrp respectively, from September 2005 to January 2013.
The rolling window of 60 months is chosen to obtain stable estimations of Bgras with
very low volatility. Although the portfolios are rebalanced monthly, the rank of individual
currencies’ risk exposures is quite robust to the sorting (in terms of group label) over the
entire sample period. The 20% currencies with the lowest Sgpry (Bsrp) are allocated
to Portfolio ‘I’ (Low), and the next 20% to Portfolio ‘LM’ (Lower Medium), Portfolio
‘M’ (Medium), Portfolio ‘UM’ (Upper Medium) and so on to Portfolio ‘H’ (High) which
contains the highest 20% Brry (Bsrp). All excess returns are monthly in USD with
daily availability and adjusted for transaction costs (bid-ask spreads). The mean, median
and standard deviation are annualized and in percentage. Skewness and kurtosis are in
excess terms. The last row (f — s) shows the average annualized forward discounts of five
portfolios in percentage.
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Table A.11. Horse Race: GDR + HM Lggy + GVI

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bapr  BerMm  Pavi bepr berm  bovi  Aepr AErm Aavi  R?  p—wvalue MAE
Picpr 104 032 177 2
(0.05) (0.05) (1.14) | FMB 239 473 -0.26 0.98 0.16
Pocpr 109 -016  1.95 (2.20) (4.63) (0.25) (0.92)
(0.05) (0.07) (1.44) [2.17] [4.75] [0.26] [0.92]
Pscpr 102 005 091
(0.04) (0.05) (1.34) HJ — dist
Py crr 1.08 0.10 -0.77 | GM M, -0.47 0.30 -19.21 2.39 4.73 -0.26  0.98 0.69 0.16
(0.06) (0.05) (1.05) (0.30) (0.85) (48.27) (L.61) (4.92) (0.29)
BPscrr 0.78 0.33 -3.87 | GM My -0.46 0.43 -16.52 2.75 5.44 -0.25  0.90 0.35
(0.06)  (0.09) (1.50) (0.36) (0.81) (47.28) (2.00) (5.06) (0.30)

This table reports time-series factor exposures (), and cross-sectional factor loadings (b) and factor prices (A) for a linear factor
model (LFM) based on Lustig, Roussanov, and Verdelhan’s (2011) dollar risk (GDR) as the intercept (global) factor, exchange
rate misalignment risk (HM Lggra) and Menkhoff, Sarno, Schmeling, and Schrimpf’s (2012a) global FX volatility (innovation)
risk (GVI) both as slope (country-specific) factors. The test assets are the transaction-cost adjusted excess returns of five
currency carry portfolios from September 2005 to January 2013. The coefficient estimates of Stochastic Discount Factor (SDF)
parameters b and A are obtained by Fama-MacBeth (F'M B) without a constant in the second-stage regressions (Fama and
MacBeth, 1973), and by fist-stage (GM M;) and iterated (GM Ms) Generalized Method of Moments procedures. Newey-West
VARHAC standard errors (Newey and West, 1987) with optimal lag selection (Andrews, 1991) and corresponding p-value of x?2
statistic (for testing the null hypothesis that the cross-sectional pricing errors are jointly equal to zero) are in the parentheses.
The Shanken-adjusted standard errors (Shanken, 1992) and corresponding p-value of x? statistic are in the brackets. The
cross-sectional R?, the simulation-based p-value of Hansen-Jagannathan distance (Hansen and Jagannathan, 1997) for testing
whether it is equal to zero (HJ — dist), and Mean Absolute Error (M AE) are also reported.
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Table A.12. Horse Race: GDR + HM Lgry + GSI

All Countries with Transaction Costs

Factor Exposures

Factor Prices

Bapr  Berm  Basi bepr berm  best  Aepr Aerm  Aasi  R? p—wvalue MAE
Picrr 1.07 -0.36 -0.10 X2
(0.05) (0.05) (0.30) | FMB 238 617 -0.40 0.98 0.17
Pocpr 118 =008  1.76 (2.20) (2.36) (0.25) (0.92)
(0.06) (0.06) (0.46) 2.17] [2.37] [0.23] [0.92]
Pscrr  0.98 0.00 -0.46
(0.05) (0.04) (0.32) HJ — dist
Py crr 1.05 0.07 -0.66 | GMM; -0.32 1.05 1.82 2.38 6.17 -0.40 0.98 0.93 0.17
(0.06) (0.05) (0.39) (0.55) (0.49) (0.32) (1.54) (2.60) (0.27)
Bscrr 0.79 0.36 -0.54 | GMM,; -0.28 1.03 1.93 2.42 6.08 -0.39 0.98 0.18
(0.06) (0.06) (0.68) (0.67) (0.54) (2.86) (1.68) (2.89) (0.25)

This table reports time-series factor exposures (), and cross-sectional factor loadings (b) and factor prices (A) for a linear
factor model (LFM) based on Lustig, Roussanov, and Verdelhan’s (2011) dollar risk (GDR) as the intercept (global) factor,
exchange rate misalignment risk (HM Lgry) and Huang and MacDonald’s (2013) global sovereign default (innovations in
aggregate-level CDS spreads) risk (GSI) both as slope (country-specific) factors. The test assets are the transaction-cost
adjusted excess returns of five currency carry portfolios from September 2005 to January 2013. The coefficient estimates of
Stochastic Discount Factor (SDF) parameters b and A are obtained by Fama-MacBeth (FMB) without a constant in the
second-stage regressions (Fama and MacBeth, 1973), and by fist-stage (GM M;) and iterated (GM Ms) Generalized Method
of Moments procedures. Newey-West VARHAC standard errors (Newey and West, 1987) with optimal lag selection (Andrews,
1991) and corresponding p-value of x? statistic (for testing the null hypothesis that the cross-sectional pricing errors are jointly
equal to zero) are in the parentheses. The Shanken-adjusted standard errors (Shanken, 1992) and corresponding p-value of x?
statistic are in the brackets. The cross-sectional R?, the simulation-based p-value of Hansen-Jagannathan distance (Hansen
and Jagannathan, 1997) for testing whether it is equal to zero (HJ —dist), and Mean Absolute Error (M AE) are also reported.
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Table A.13. Asset Pricing of Currency Misalignment Portfolios

All Countries with Transaction Costs

Factor Exposures

Factor Prices

P rem
P, reym
P3 ppm
Py rem

Ps rem

Bapr  Bsrp
0.691 -0.213
(0.071)  (0.049)
0.935 -0.016
(0.050)  (0.055)
1.087 -0.006
(0.095)  (0.068)
1.026 0.065
(0.045)  (0.039)
1.207 0.202
(0.084)  (0.060)

GMM,

GM M,

bapr  bsrp  AGDR  Asrp R?  p—value MAFE
2
X
2.319 8.560 0.695 0.959
(2.183)  (4.126) (0.207)
2.174]  [4.139] [0.204]
HJ — dist
-0.380 1.136 2.319 8.560 0.695 0.310 0.959
(0.431) (0.506) (1.773) (4.329)
-0.331 1.580 4.993 12.898 -1.878 2.703
(0.335) (0.886) (2.118) (5.264)

This table reports time-series factor exposures (§), and cross-sectional factor loadings (b) and factor prices (\) for a linear
factor model (LFM) based on Lustig, Roussanov, and Verdelhan’s (2011) dollar risk (GDR) as the intercept (global) factor
but differ in slope (country-specific) factor, and skew premium risk (HM Lggrp) as the slope (country-specific) factor. The
test assets are the transaction-cost adjusted excess returns of five currency misalignment portfolios from September 2005 to
January 2013. The coefficient estimates of Stochastic Discount Factor (SDF) parameters b and A are obtained by Fama-
MacBeth (FM B) without a constant in the second-stage regressions (Fama and MacBeth, 1973), and by fist-stage (GM M)
and iterated (GM M) Generalized Method of Moments procedures. Newey-West VARHAC standard errors (Newey and West,
1987) with optimal lag selection (Andrews, 1991) and corresponding p-value of y? statistic (for testing the null hypothesis
that the cross-sectional pricing errors are jointly equal to zero) are in the parentheses. The Shanken-adjusted standard errors
(Shanken, 1992) and corresponding p-value of x? statistic are in the brackets. The cross-sectional R?, the simulation-based
p-value of Hansen-Jagannathan distance (Hansen and Jagannathan, 1997) for testing whether it is equal to zero (HJ — dist),

and Mean Absolute Error (M AFE) are also reported.
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Table A.14. Asset Pricing of Currency Momentum & Volatility Risk Premium Portfolios

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bapr  Bsc baDR bsc AGDR  Asc R?  p—value MAE
Pl,M]\/IT 1.128 0.090 X2
(0.085) (0.071) | FMB 2.368 -13.496 0.651 0.421
Py 1.188 0.058 (2.160) (5.234) (0.727)
(0.143) (0.078) [2.174]  [5.686] [0.714]
Ps v 0.912 0.042
(0.036) (0.072) HJ —dist
Pyyur 0.856 -0.060 | GMM;  0.122  -3.953  2.368 -13.496 0.651 0.381 0.421
(0.055) (0.038) (0.161) (1.681) (1.390) (5.709)
Psyymr 0885 -0.125 | GMM,  0.078  -4.253  2.074 -14.502 0.550 0.544
(0.126) (0.100) (0.183) (1.705) (1.632) (5.794)
Bepr  Bsc bapr bsc AGDR Asc R*  p—uvalue MAE
PI,VRP 0.892 0.508 X2
(0.155) (0.108) | FMB 2.295 5.198  0.820 0.554
P, vrp 0.970  -0.004 (2.195) (2.465) (0.865)
(0.048) (0.059) [2.179] [2.571] [0.846)
Psvrp 1.105  -0.102
(0.048) (0.067) HJ — dist
Pyvrp 1.231 -0.312 | GMM; 0.312 1.557 2.295 5.198  0.820 0.763 0.554
(0.137)  (0.070) (0.212) (0.675) (1.810) (2.267)
Psvrp 1.263  -0.188 | GM M, 0.271 1.579  1.3914  5.287 0.725 0.652
(0.058) (0.067) (0.234) (0.700) (1.979) (2.342)

This table reports time-series factor exposures (), and cross-sectional factor loadings (b) and factor prices (A) for comparison
between two tested assets in a linear factor model (LFM) based on Lustig, Roussanov, and Verdelhan’s (2011) dollar risk
(GDR) as the intercept (global) factor and Huang and MacDonald’s (2013) sovereign credit risk (HM Lg¢) as the slope
(country-specific) factor. The test assets are the transaction-cost adjusted excess returns of five currency momentum portfolios
(top panel), and five currency volatility risk premium portfolios (bottom panel) respectively, from September 2005 to January
2013. The coefficient estimates of Stochastic Discount Factor (SDF) parameters b and A are obtained by Fama-MacBeth
(FMB) without a constant in the second-stage regressions (Fama and MacBeth, 1973), and by fist-stage (GMM;) and
iterated (GM M3) Generalized Method of Moments procedures. Newey-West VARHAC standard errors (Newey and West,
1987) with optimal lag selection (Andrews, 1991) and corresponding p-value of x? statistic (for testing the null hypothesis
that the cross-sectional pricing errors are jointly equal to zero) are in the parentheses. The Shanken-adjusted standard errors
(Shanken, 1992) and corresponding p-value of x? statistic are in the brackets. The cross-sectional R?, the simulation-based
p-value of Hansen-Jagannathan distance (Hansen and Jagannathan, 1997) for testing whether it is equal to zero (HJ — dist),
and Mean Absolute Error (M AE) are also reported.
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Table A.15. Risk Factors for the Trading Strategy Doubly Sorted by Currency Crash Sensitivity & Downside
Insurance Cost)

Panel A: Currency Market Risk Factors

a Bapr BFrB Bymmr Bppv Adjusted — R?
4.87*% 0.31** 0.42** 0.08 0.24 0.30
(2.82)  (0.15)  (0.16)  (0.14)  (0.19)

5.21%* 0.13 0.51*** 0.29

(3.02)  (0.22) (0.13)

Panel B: Stock Market Risk Factors
a Bamp BsmB BHML Bumb Bomg Adjusted — R?
9.36** -0.09 -0.17 -0.08 -0.03 -0.39 -0.03
(3.79) (0.09) (0.18) (0.23) (0.13) (0.26)
Panel C: Hedge Fund Risk Factors
« BTBY 5SPDMB BSNP /BSPDRS /BTFB BTFFX BTFCA/ID Ad]usted — R2
5.48* -5.32 2.61 0.01 -0.02 -0.33 0.10 -0.40%* 0.02
(3.31) (17.01) (18.65) (0.07) (0.03) (0.20) (0.15) (0.23)
Panel D: Betting-Against-Beta Risk Factors
«a ﬁBABFX /BBABE]\[ 5BABBIM BBABCJW AdJUSted - R2
8.20%* -0.11 0.01 1.23%* -0.03 0.02
(3.61) (0.20) (0.15) (0.51) (0.07)
Panel E: Other Risk Factors
a  PByscrem  Bavix  Batep  Barst  Bacrupy  Bacpuus Adjusted — R?
5.59%*  (.09%*** -0.15%* -0.66 0.00 -0.04 0.22 0.16
(2.68) (0.02) (0.06) (0.50) (0.00) (0.20) (0.15)

This table reports the time-series asset pricing tests regressing the excess returns of a double-sorting trading strategy (that buys
medium crash-sensitivity and high downside-insurance-cost currencies while sells low crash-sensitivity and medium downside-
insurance-cost currencies) regressed on a series of risk factors. The excess returns are transaction-cost adjusted. We use the
common risk factors in currency market (Lustig, Roussanov, and Verdelhan, 2011) plus two additional risk factors that captures
currency momentum (Menkhoff, Sarno, Schmeling, and Schrimpf, 2012b) and fair value in Panel A, common risk factors in
stock market (Fama and French; 1992, 1993) plus stock momentum risk factor (Carhart, 1997) in Panel B, hedge fund risk
factors (Fung and Hsieh, 2001) in Panel C, quality-minus-junk (Asness, Frazzini, and Pedersen, 2013) and betting-against-beta
risk factors (Frazzini and Pedersen, 2014) in Panel D, and other risk factors, including measures of government economic policy
uncertainty in Europe and U.S. (Baker, Bloom, and Davis, 2012), are grouped together in Panel E. The sample period for
each regression is normally from September 2005 to January 2013, but it also depends on the availability of the risk factors
newly developed in the literature. Newey-West HAC standard errors (Newey and West, 1987) with optimal lag selection
(Andrews, 1991) reported are in the parentheses. ‘“*’) % and “*** represents statistical significance at 10%, 5%, and 1%
level of parameter estimates, respectively.



Coincident Index

Figure A.6. Returns of the Coincident Indices of FX Trading Strategies &
Global Currencies
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This figure shows the returns of the coincidence indices of FX trading strategies
(DFpryr) and global currencies (DFrx) estimated by Forni, Hallin, Lippi, and Reichlin’s
(2005) one-sided methodology and Doz, Giannone, and Reichlin’s (2012) Quasi-MLE,
respectively. The sample is from September 2005 to January 2013.
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Table A.16. Factor Loadings of the Coincidence Indices

Portfolios Factor Loadings | Currencies Factor Loadings | Currencies Factor Loadings
JPY -0.010 EUR 0.107
CRT 0.245 KRW 0.010 GBP 0.087
HKD 0.025 AUD 0.106
FBM 0.321 TWD N/A NZD 0.097
SGD 0.102 CAD 0.092
MMT -0.146 MYR 0.092 CHF 0.084
THB N/A SEK 0.103
PPV -0.180 PHP 0.072 DKK 0.107
IDR N/A NOK 0.096
MSC 0.267 INR 0.077 ZAR 0.087
RUB 0.091 BRL 0.076
VRP -0.157 PLN 0.110 CLP 0.083
RON 0.104 COP 0.071
SRP 0.271 HUF 0.107 ARS N/A
CZK 0.100 PEN 0.052
DS 0.145 SKK 0.105 MXN 0.087
TRY 0.084 ILS 0.068

This table reports the factor loadings of the coincidence index of FX trading strategies estimated by one-sided dynamic PCE
(Forni, Hallin, Lippi, and Reichlin, 2005), and the factor loadings of the coincidence index of 30 individual currencies estimated
by Quasi-MLE (Doz, Giannone, and Reichlin, 2012). The sample is from September 2005 to January 2013.
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Table A.17. Common Risk Sources of FX Trading Strategies

Panel A: Exchange Rate Returns

Basq Bavr Bavix BATED Barsr  Basi Adjusted — R*
0.39%k* 0.34
(0.07)
31.40*** 0.43
(11.07)
0.80%*** 0.44
(0.14)
1.99 0.02
(1.31)
0.04* 0.09
(0.02)
13.66*** 0.60
(0.86)
0.33%#* 24.99** 0.63
(0.03) (9.89)
0.28%# 0.57H%* 0.62
(0.03) (0.18)
0.23%%* 10.55%* 0.71
(0.04) (1.80)
8.09* 11.95%** 0.61
(4.85) (1.33)
0.35%%* 10.44%** 0.65
(0.08) (1.34)
Panel B: Dynamic Correlation between Common Dynamic Factor & Global Sovereign Default Risk (GST)
Long Term Medium Term Short Term Static Correlation
0.901 0.713 0.749 0.779

This table reports the time-series asset pricing tests for the common risk sources of the dynamic factor of the FX trading
strategies. The exchange rate returns are transaction-cost adjusted. The sample period is from September 2005 to January
2013. Newey-West HAC standard errors (Newey and West, 1987) with optimal lag selection (Andrews, 1991) reported are
in the parentheses. “*’, “**’, and “***’ represents statistical significance at 10%, 5%, and 1% level of parameter estimates,
respectively. See Huang and MacDonald (2013) for the categorization of level (global) and slope (country-specific) factors.
The best-performance model in terms of Adjust — R? is highlighted. The dynamic correlations are estimated by Croux, Forni,
and Reichlin’s (2001) method for bivariate time series.



Predicted Common Components of Monthly Exchange Rate Returns (%)

Figure A.7. Out-of-Sample Forecasts of the Common Components in Ex-
change Rate Returns of FX Trading Strategies
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Actual Common Components of Monthly Exchange Rate Returns (%)

This figure presents forecasts of the common components in exchange rate returns of
FX trading strategies from 1-month to 6-month ahead. The in-sample period is from
September 2005 to July 2012, and out-of-sample from August 2012 to January 2013.
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Table A.18. Root Mean Square Forecasting Error (RMSFE)

Panel A: Time Horizons (%)

1-Month 2-Month 3-Month 4-Month 5-Month 6-Month
0.249 1.386 0.617 1.123 0.469 1.971

Panel B: Cross Assets (%)

CRT FBM MMT PPV MCS VRP SRP DS
1.439 1.029 1.198 1.097 0.956 0.689 1.144 1.357

This table reports forecasting performance in percentage RMSE for both time horizons
(from 1-month to 6-month ahead) and cross assets (eight studied currency investment
strategies).
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Volatility Risk Premia (%)

Appendix B.

Figure B.1.
proaches (Aggregate Level)

Volatility Risk Premia: Model-free
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This figure shows the aggregate levels of annualized volatility risk premia across 27 cur-
rencies using model-free approach (V RPy;r) and option-implied ATM volatility(V RPor).
The sample is from September 2005 to January 2013.
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Skew Risk Premia

Figure B.2. Skew Risk Premia: Model-free vs. Option-implied Approaches
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This figure shows the aggregate levels of annualized skew risk premia across 27 currencies

using model-free (SRPyr) and option-implied (SRPpr) approaches.

The subscript

25D, 10D denotes the computations from 25-delta, and 10-delta out-of-money options,
respectively. The sample is from September 2005 to January 2013.
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Figure B.3. Skew Risk Premia: Positive Skew & Negative Skew
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This figure shows the how we treat positive skew and negative skew differently when
measuring the crash risk premium. Note that the currency portfolios are in long positions
(shorting USD to long foreign currencies). The superscript ‘4’, ‘-’ denotes positive, and
negative skewness, respectively. The subscript I, R represents implied, and realized
skewness, respectively. The graph at the upper-left corner (1): Positive skew risk
premium, high crash risk of foreign currencies; The graph at the upper-right corner
(2): Negative skew risk premium, low crash risk of foreign currencies; The graph at the
lower-left corner (3): Positive skew risk premium, low crash risk of foreign currencies;
The graph at the lower-right corner (4): Negative skew risk premium, high crash risk of
foreign currencies.
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Table B.1. Descriptive Statistics of Currency Portfolios (Momentum, Value
& Crash Sensitivity)

All Countries with Bid-Ask Spreads

Portfolios Pyyvr Povinr  Psvvr  Pavivr  Psyvmr
Mean (%) 1.22 1.97 1.63 3.02 3.08
Median (%) 3.61 4.92 6.85 7.61 9.21
Std.Dev. (%) 10.63  11.10  8.41 7.91 8.89
Skewness -0.50 -0.89 -0.43 -0.25 -0.27
Kurtosis 0.65 1.72 0.36 0.17 0.14
Sharpe Ratio 0.11 0.18 0.19 0.50 0.35
AC(1) 0.06 0.08 0.22 -0.02 -0.07
Portfolios Py ppyv  Poppy  P3ppv  Pyppv  Psppv
Mean (%) 3.83 2.34 1.90 2.24 1.78
Median (%) 6.60 7.73 7.01 5.24 1.87
Std.Dev. (%) 659  11.07 9.6 9.64  10.72
Skewness -0.15 -0.63 -0.40 -0.53 -0.32
Kurtosis 0.05 0.79 0.32 0.78 0.38
Sharpe Ratio 0.58 0.21 0.20 0.23 0.17
AC(l) 0.19 0.10 0.11 0.01 -0.01
Portfolios Pyyvics  Povcs Psvcs  Panves  Psucs
Mean (%) 2.58 1.62 3.03 2.47 2.18
Median (%) 3.93 3.28 9.99 7.69 3.02
Std.Dev. (%)  4.17 715 1156 1069 1341
Skewness -0.24 -0.30 -0.80 -0.30 -0.40
Kurtosis 0.25 0.32 1.25 0.28 0.38
Sharpe Ratio 0.62 0.23 0.26 0.23 0.16
AC(l) 0.13 0.16 0.12 0.02 -0.01

This table reports descriptive statistics of the transaction-cost adjusted (bid-ask spreads)
annualized excess returns in USD of currency momentum (MMT), value (PPV) and
crash sensitivity (MCS) portfolios sorted by 1-month lagged exchange rate return, and
by tail dependence signed by the skewness, respectively. The 20% currencies with the
lowest sort base are allocated to Portfolio Py, and the next 20% to Portfolio P, and so on
to Portfolio Ps; which contains the highest 20% sort base. The portfolios are rebalanced
monthly according to the updated sort base. The sample period is from September 2005 to
January 2013. The mean, median, standard deviation and higher moments are annualized
(so is the Sharpe Ratio) and in percentage. Skewness and kurtosis are in excess terms.
AC(1) is the first order autocorrelation coefficients of the monthly excess returns.
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Table B.2. Descriptive Statistics of Currency Portfolios (Moment Risk Pre-
mia: Volatility & Skewness)

All Countries with Bid-Ask Spreads
Portfolios Pivrp Povrp Psvrp Pivrp Dsvrp
Mean (%) 499 160 115  1.64 249
Median (%) 9.22 9.07 10.17 11.63 11.60
Std.Dev. (%) 7.98 807 251 245  6.42

Skewness -0.10 -0.38 -0.30 -0.89 -0.54
Kurtosis 0.02 0.29 0.37 1.55 0.76
Sharpe Ratio 0.54 0.18 0.11 0.14 0.22
AC(1) 010 0.04 002 008  0.13
Portfolios Py srp Posrp  P3srp  Pisrp  Pssrp
Mean (%) 311 233 343  1.88 027

Median (%) 848 626  10.23 356  0.76
Std.Dev. (%) 11.80  11.41  10.98 10.05  6.70

Skewness -0.56 -0.55 -0.45 -0.27 -0.19
Kurtosis 0.63 0.58 0.58 0.32 0.18
Sharpe Ratio 0.26 0.20 0.31 0.19 0.04
AC(1) 0.24 0.12 -0.05 0.03 -0.06

This table reports descriptive statistics of the transaction-cost adjusted (bid-ask spreads)
annualized excess returns in USD of currency volatility (VRP) and skew (SRP) risk
premium portfolios sorted by 1-month corresponding moment risk premium. The 20%
currencies with the lowest sort base are allocated to Portfolio P;, and the next 20% to
Portfolio P, and so on to Portfolio Ps which contains the highest 20% sort base. The
portfolios are rebalanced monthly according to the updated sort base. Specifically, P v rp
(Ps,vrp) is the portfolio with the highest (lowest) downside insurance cost, and P; srp
(Ps,vrp) is the portfolio with the lowest (highest) crash risk premium. The sample period
is from September 2005 to January 2013. The mean, median, standard deviation and
higher moments are annualized (so is the Sharpe Ratio) and in percentage. Skewness and
kurtosis are in excess terms. AC(1) is the first order autocorrelation coefficients of the
monthly excess returns.
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Table B.3. Factor Exposures of Currency Value, Crash Sensitivity, and Skew Risk Premium Portfolios

All Countries with Transaction Costs

Portfolios PPV MCS SRP
Bsc Brpuw  Bast  Bepuw  Bast  Berm  Bruw
P 0.112 -0.095 -1.335 -0.034 -1.469 0.299 -0.105
(0.084)  (0.008) (0.169) (0.006) (0.532) (0.103) (0.018)
Py -0.018 -0.145 -2.197 -0.065 -1.011 0.233 -0.099
(0.126)  (0.026) (0.200) (0.011) (0.465) (0.057) (0.015)
Ps -0.327 -0.143 -5.221 -0.082 0.333 0.048 -0.101
(0.077)  (0.017) (0.508) (0.012) (0.575) (0.058) (0.016)
Py -0.530 -0.141 -2.384  -0.115 0.742 -0.236  -0.093
(0.095) (0.021) (0.471) (0.019) (0.299) (0.052) (0.017)
Ps -0.932 -0.149 -3.699 -0.125 1.508 -0.270  -0.072

(0.096) (0.020) (0.837) (0.023) (0.330) (0.058) (0.012)

This table reports time-series factor exposures (8) of the transaction-cost adjusted excess returns of five currency value
portfolios (LFM: HM Lsc + PUW), five currency crash sensitivity portfolios (LFM: GSI + PUW), and five currency skew
risk premium portfolios (LFMs: GST + GDR; HMLgry + GDR; HM Lpgry + PUW). Newey-West HAC standard errors
(Newey and West, 1987) with optimal lag selection (Andrews, 1991) reported are in the parentheses. Sample period is from
September 2005 to January 2013.
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