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Abstract

This Ph.D. thesis contains 3 essays in international finance with a focus on foreign
exchange market from the perspectives of empirical asset pricing (Chapter 2 and

Chapter 3), forecasting and market microstructure (Chapter 4).

In Chapter 2, we derive the measure of position-unwinding risk of currency carry trade
portfolios from the currency option pricing model. The position-unwinding likelihood
indicator is in nature driven by interest rate differential and currency volatility, and
highly correlated with global currency skewness (crash) risk. We show that high
interest-rate currencies are exposed to higher position-unwinding risk than low interest-
rate currencies. We then provide a framework that decomposes carry trade payoffs
into sovereign credit premium, interest rate differential, and expected exchange rate
depreciation (overshooting) upon default components to analyze currency risk premia.
We investigate the sovereign CDS spreads as the proxy for solvency of a state and
find that high interest-rate currencies load up positively on sovereign default risk while
low interest-rate currencies provide a hedge against it. Sovereign credit premia, as
the dominant (country-specific) fundamental risk that drives market volatility (global
contagion channel), together with position-unwinding likelihood indicator as the market
risk sentiment, captures over 90% of cross-sectional variations of carry trade excess
returns. In this context, the forward premium puzzle can be understood as a composite
story of sovereign credit premia, global liquidity imbalances and reversal. We further
reveal that sovereign default risk also explains large proportions of the cross sections

of currency momentum (over 65%) and volatility risk premium (over 80%) portfolios.

In Chapter 3, we investigate 3 important properties of global currencies: misalignments
measured by the deviations from equilibrium (real effective) exchange rates, crash
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sensitivity captured by the copula tail dependence to the global market, and moment
risk premia using a model-free method — volatility risk premia as the proxy for
(relative) position insurance costs, and skew risk premia as the gauge for (carry
trade) speculative inclinations. The overvalued (undervalued) currencies with respect
to REER tend to be crash sensitive (insensitive) and relatively cheap (expensive) to
hedge, and exhibit high (low) speculative risk premia. We further show that they
have rich asset pricing and allocation implications. The profitability of currency
carry trades can be understood as the compensation for misalignment and speculative
risks, which explain over 96% of the cross-sectional excess returns and dominate
other candidate factors, including sovereign credit and liquidity risks, and cover the
information of volatility risk. Currency trading strategies exploiting these 3 properties
provide striking crash-neutral and diversification benefits for portfolio optimization and
risk management purposes. After examining the risk attributes and factor structure
of 7 studied currency investment strategies and of over 30 individual currencies using
generalized dynamic factor model, we identify an additional important factor which is
related to hedging demand imbalances, also priced in the cross section of currency value
portfolios (over 90% of the variations) and of global currencies (14% extra variations),

but it is omitted in literature using standard portfolio approach.

In Chapter 4,we investigate the term structure of exchange rate predictability from
I-month to 12-month horizons by the decomposition of exchange rate returns into
forward premia component and carry trade risk premia component, which is shown
to be driven by common latent factors. We incorporate the term structure factors
extracted from the cross section of carry components into the dynamics between the
exchange rates and a large set of predictors in a time-varying parameter (TVP) VAR
setting. We then employ dynamic (Bayesian) model averaging (DMA) method to
handle model uncertainty and forecast the term structure of carry component. We
utilize the time-variations in the DMA probability weighting of each factor-augmented
empirical exchange rate model to measure regression-based (vis-a-vis survey-based)
model disagreement, which has both contemporaneous and predictive relations with
currency risk premia (and the term structure), volatility, and customer order flows.
From the perspective of foreign exchange market microstructure, customer order flows
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are also informative about the term structure of carry trade risk premia. We also
apply the DMA probability weighting to examine the “scapegoat” drivers of customer
order flows. Our findings reveal that heterogeneous agents learn to forecast exchange
rates and switch trading rules over time, resulting in the dynamic country-specific and
global exposures of exchange rates to short-run non-fundamental risk and long-run
business cycle risk. We further comprehensively evaluate the statistical and economic
significance of the predictive power of our model in a framework allowing for a full
spectrum of currency investment management. Hedging pressure and liquidity are
identified to contain predictive information that is common to a range of forecasting
horizons. Policy-related predictors are important for short-run forecasts up to 3 months
while crash risk indicators matter for long-run forecasts from 9 months to 12 months.
Our term structure model is able to beat a driftless random walk in the forecasts up to
1-year horizon for the 7 most traded currencies, and generates substantial performance

fees up to approximately 6.5% per annum.
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Chapter 1

Introduction

Currency is an important asset of a state, and the foreign exchange market is the
most liquid financial market among all asset classes in the world according to the 2014
Triennial Central Bank Survey coordinated by the Bank for International Settlements.
Managing currency risk is a crucial task of both central banks, commercial corporations
and financial institutions who have large portfolio holdings of currencies either directly
as reserves or investments of an asset class, or indirectly via local-currency-denominated
assets. Thereby, understanding currency premia and forecasting exchange rates are core
issues in international money and finance for purposes of exchange rate related policy
formulation and implementation, as well as currency exposure hedging and investment

management.

One of the most intriguing empirical findings associated with currency risk premia
is that forward premium is a biased predictor of future exchange rate movements
(Froot and Thaler, 1990; Engel, 1996). As a corollary, the empirical failure of the
Uncovered Interest Rate Parity (UIP) implies the existence of positive excess returns
of a naive currency carry strategy that invests in high-yield currencies funded by
low-yield currencies. This strong relationship between currency risk premia and
interest rate differentials is referred to as the “forward premium puzzle”. Frankel
and Froot (1989) offer the first test that tackles the assumptions made by this theory
through the decomposition of the deviations from UIP into expectations errors and risk

compensations. They show that neither of them is enough to rationalize the behavior
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of exchange rates. Perhaps some more pragmatic questions would be: What cause
investors to systematically form biased expectations about the future exchange rate
changes? And what exactly are the risk sources of the time-varying currency premia?
Since the variations of conventional and theoretical factors are not compatible with
those of the profitability of carry trades that exploit the violation of UIP (Burnside,
2011), this Ph.D. thesis provides a comprehensive review of the literature relevant to
both questions in this chapter, and endeavors to provide some new insights with respect
to the latter, for which we investigate the exchange rate dynamics that blends finance
themes with macro-oriented issues, such as examining the properties of currency risk
premia and carry trade position-unwinding risk, as well as linking the excess returns to
sovereign default, equilibrium exchange rate misalignment, speculative and crash risks
in the field of empirical asset pricing in Chapter 2 and Chapter 3 based on the joint
affine term structure model of interest rates (Duffie and Kan, 1996; Duffie and Singleton,
1999; Cochrane and Piazzesi, 2009), exchange rates (Ahn, 2004; Bekaert, Wei, and Xing,
2007; Ang and Chen, 2010), and sovereign CDS spreads (Longstaff, Pan, Pedersen,
and Singleton, 2011; Augustin, 2012), the theories of valuation channel (Gourinchas
and Rey, 2007, 2013) and funding liquidity constraint (Gabaix and Maggiori, 2015)
of global imbalances, and the story of speculative bubbles (Abreu and Brunnermeier,
2003; Brunnermeier, Nagel, and Pedersen, 2009; Plantin and Shin, 2011). Especially,
we look into whether or not high (low) interest rate currencies tend to be overvalued
(undervalued) with respect to real effective exchange rate (REER), crash sensitive
(insensitive), relative cheap (expensive) to hedge, and exposed to high (low) speculative
inclination of the market using a data-driven approach. And in the cross section of
global currencies (rather than currency portfolios), we identify an additional factor
that is related to Purchasing Power Parity (PPP) and hedging demand imbalances
(volatility risk premia) besides the dollar risk and forward bias risk (Lustig, Roussanov,

and Verdelhan, 2011).

Another heated and thematic debate in the foreign exchange market is the seemingly
random walk nature of exchange rates, which is referred to as the “Meese-Rogoff
puzzle”, given that they are very difficult to forecast using theoretical predictors, such

as economic fundamentals (Meese and Rogoff, 1983; Frankel and Rose, 1995). The
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Efficient Market Hypothesis (EMH) states that bilateral exchange rates should be the
best guess of the market about the relative fundamental value of two currencies based on
all publicly available information at that time under the condition of either in absence
of risk premia or if the time variation in the risk premia is small compared to that of
the fundamental pricing kernel. Even under the EMH, bilateral exchange rates should
correspond to their economic fundamentals, and should not fluctuate randomly around
their past values. Evans and Lyons (2002, 2005b) shift the focus toward the private
information originating from order flows, which offer better forecasts of exchange rates
than economic fundamentals. The success of their method lies in the fact that order
flows capture the surprise component (the expectations revision about both observable
and unobservable exchange rate determinants) in the present value model of Engel
and West (2005). In general, the answer to the question “Are exchange rates really
predictable?” would be: “It depends” — on the choice of predictors, sample period,
data transformation!, forecasting horizon, model specification®, and the evaluation
method of forecasts. So, this Ph.D. thesis also provides an overall analysis of the
existing literature in this chapter and accordingly we forecast exchange rate using
a large set of predictors, including (i) macroeconomic fundamentals and yield curve
factors, (ii) signals generated from technical analysis, (iii) option-implied information,
(iv) crash sensitivity measured by copula tail dependence and hedging pressure via
futures market, (v) financial indices of various asset classes, (vi) policy uncertainty
indicator. Moreover, Lustig, Stathopoulos, and Verdelhan (2013) theoretically derive
that the term structure of carry trade risk premia is downward sloping because
investment currencies tend to have low local sovereign term premia relative to
funding currencies. We then decompose exchange rate changes into forward premium
component and carry trade risk premium component, which is the part that entails
forecast. Hence, exchange rate returns over a range of forecasting horizons can be
modelled as a function of common (term structure) factors. To summarize, we assess
exchange rate predictability over a range of horizons using a term structure model of

currency risk premia and from the perspective of market microstructure in Chapter 4,

1Tt includes de-trending, filtering, and adjustment for seasonality.
2In particular, structural models of exchange rate determination do not fit the data well, not to
mention forecasting them. While reduced-form models are widely adopted in empirical studies.



which sheds some light on (i) the informational commonality and projection of exchange
rate predictors over the term structure, (ii) how model uncertainty and disagreement
across a large set of macroeconomic and financial predictors are related to currency risk
premia, volatility, and market trading activities, (iii) the term structure of predictive
information in customer order flows and their scapegoat drivers, and (iv) both the

statistical and economic values of the term structure model.

Understanding the properties of currency risk premia and the position-unwinding
risk of carry trades, as well as beating the driftless random walk in out-of-sample
forecasts of exchange rates are of great practical values to policy-makers, hedgers,
and speculators in the foreign exchange market, e.g. maintaining exchange rate
stability for sustainable economic growth (Obstfeld and Rogoff, 1996; Levine, 1997;
Aghion, Bacchetta, Ranciere, and Rogoff, 2009), currency overlay and absolute return
products, and even factor investing (Ang, 2014) in which currencies are regarded as
a special asset class. Typically, a small positive out-of-sample R? can still generate
large economic benefits from dynamic asset allocation for investors (Campbell and
Thompson, 2008). To provide further explanations of why these issues are important
to address, a detailed literature review on both currency risk premia and exchange rate
predictability is delegated to the following sections of this chapter. And the concluding
chapter (Chapter 5) summarises the contributions of this Ph.D. thesis to the existing
literature and how future work can be developed, as well as sketches out some policy

implications.

1.1 The Forward Premium Puzzle and Currency

Crashes

According to the Uncovered Interest Rate Parity (UIP) condition, if the investors
with rational expectations are risk-neutral, the changes in the bilateral exchange rates
will eliminate any profit arising from the appropriate interest differential. However,
numerous empirical studies show that the appreciations of low interest-rate currencies

do not compensate for the corresponding interest rate differentials. Instead, the high
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interest-rate currencies tend to appreciate rather than depreciate. Carry trade, as one
of the most popular trading strategies in the foreign exchange (FX) market, exploits
the profits from the violation of UIP by investing in high interest-rate currencies while
financing in low interest-rate currencies. The excess returns of carry trades give rise
to the so-called “forward premium puzzle” (Hansen and Hodrick, 1980; Fama, 1984):
a projection of forward premium on interest differential produces a coefficient that is
closer to minus one than plus one. Given the high liquidity in global FX market and
the free mobility of international capital, it is difficult to justify the unreasonably long-
existing profits of carry trade strategies®. Time-varying risk premia is a straightforward
and theoretically convincing solution towards this puzzle in the economic sense that
high interest-rate currencies deliver high returns merely as a compensation for high risk
exposures during periods of turmoil (Fama, 1984; Engel, 1996; Christiansen, Ranaldo,
and Soderlind, 2011). Verdelhan (2010) shows that agents with preference settings
in Campbell and Cochrane (1999) can generate notable deviation from UIP due to
the consumption habit. Infrequent currency portfolio decision (rational inattention)
is another possible solution that also accounts for “delayed overshooting” (Bacchetta
and Van Wincoop, 2010). Burnside, Eichenbaum, and Rebelo (2009) argue from the
perspective of market microstructure that it is the adverse selection from which the
forward premium puzzle arises. Burnside, Han, Hirshleifer, and Wang (2011), and Tlut
(2012) further suggest behaviorial explanations of investors’ overconfidence, and of slow
reaction to news announcements induced by ambiguity aversion, respectively, for the

existence of forward bias.

Carry trades as a profitable strategy in the FX market has experienced several
periods* of “dramatic position-unwinding” in the past 30 years. Burnside, Eichenbaum,
Kleshchelski, and Rebelo (2011) find that standard business cycle risk factors are unable

to account for these major shortfalls of carry trades. Using currency options to protect

3 Although this type of trading strategies had suffered substantial losses since the outbreak of sub-
prime mortgage crisis during 2007 (particularly after the bankruptcy of Lehman Brothers in the mid
of September 2008, see Figure A.1. in Appendix .A), it recovered soon around the mid of 2009 and
the losses are relatively small compared to its historical cumulative returns (Brunnermeier, Nagel, and
Pedersen, 2009).

4They’re around the second quarter of 1986 - the mid of 1986, the last quarter of 1987 - the first
quarter of 1988, the mid of 1992 - the mid of 1993, the first quarter of 1995, the mid of 1997 - the mid
of 1998, the mid of 2008 - the mid of 2009.



the downside risk, they construct hedged carry positions and show that the payoffs to
such hedged strategies are very close to those of unhedged carry trades. This result
may imply the mispricing of currency options (particularly those trading away from
money) used for hedging the carry positions, as pointed out by Farhi and Gabaix
(2008), that option might in principle does not cover the latent disaster risk. This
is because if the crash risk of the underlying asset is ignored or underestimated, a
currency option would be significantly undervalued, and in this situation the payoffs to
the hedged carry trades could be different from those of the unhedged positions. This
difference in between unhedged and hedged carry trade portfolios can be justified as
the variance risk premium (Carr and Wu, 2009), the skewness risk premium (Kozhan,
Neuberger, and Schneider, 2013), or even the kurtosis risk premium. Jurek (2007)
shows that the excess returns of a crash-neutral currency carry position are statistically
indistinguishable from zero. The crash risk premia contribute 30% — 40% to the total
currency risk premia. In this sense, we put forward a measure of position-unwinding
risk of currency carry trades from the option pricing model and argue that one possible
way to understand the excess returns of the carry trades lies in the changes in the non-

risk-neutral market sentiment of the probability that the positions might be unwound.

1.2 The Cross Section of Currency Carry Trade

Portfolios

Bansal and Dahlquist (2000) are the first to examine the cross-sectional relations
between currency risk premia and interest rate differentials. They show that UIP
works better for currencies that experience higher inflation rates. In the more recent
empirical literature, Lustig, Roussanov, and Verdelhan (2011) introduce a portfolio-
sorting approach using forward discounts into the study of currency carry trades.
Instead of analysing individual currencies, they focus on currency portfolios facilitating
the elimination of a large amount of time-varying country idiosyncratic characteristics®,

in order to overcome the problem that these characteristics are potentially time-

®As highlight by Cochrane (2005), the prices of individual assets are highly volatile and thereby
their expected returns, covariances and betas become difficult to measure accurately. a portfolio
approach reduces the volatilities by diversification.
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varying across countries, and to concentrate on their common characteristics. For
those currencies that Covered Interest Rate Parity (CIP) holds, sorting by forward
discounts is equivalent to sorting by interest rate differentials (see Akram, Rime, and
Sarno, 2008). Lustig, Roussanov, and Verdelhan (2011) demonstrate that the first
two principal components of the excess returns of the these portfolios account for
most of the time series variations. The first principal component (PC}) is essentially
the average excess returns of all portfolios, which can be interpreted as the average
excess returns of a zero-cost strategy that an investor borrows in USD for investing
in the global money market outside U.S., so-called “dollar risk factor” (GDR). It is
an intercept (level) factor because each portfolio shares roughly the same exposure to
it. The second principal component, (PC5), is a slope factor in the sense that the
weight of each portfolio, from the one containing the highest interest-rate currencies to
the one made up of low interest-rate currencies, decreases monotonically from positive
to negative. It is also very similar to the excess returns of another zero-cost strategy
with long positions in highest interest-rate currencies funded by short positions in
lowest interest-rate currencies. Hence, we call it “forward bias risk factor”, denoted by

HMULpp.

The two common factors first documented in Lustig, Roussanov, and Verdelhan
(2011) are the key ingredients for a risk-based explanation of currency carry trade excess
returns. The risk factors identified by this data-driven approach are in fact in line with
Arbitrage Pricing Theory by Ross (1976) while other standard risk factors, such as
consumption growth (Lustig and Verdelhan, 2007) measured by durable Consumption-
based CAPM (CCAPM) setting of Yogo (2006), Chicago Board Options Exchange’s
(CBOE) VIX index as the measure of volatility risk, T-Bill Eurodollar (TED) Spreads
as the illiquidity risk indicator, Pastor and Stambaugh’s (2003) liquidity measure, and
Fama and French (1993) factors, do not covary enough with the currency excess returns
to explain the profitability of carry trades (Burnside, 2011; Burnside, Eichenbaum,
Kleshchelski, and Rebelo, 2011). Grounded on the theoretical foundations of Merton’s
(1973) Intertemporal CAPM (ICAPM)®, Menkhoff, Sarno, Schmeling, and Schrimpf

6The ICAPM model assumes that investors are concerned about the state variables, which
exert evolutionary influences on the investment opportunities set. Market-wide volatility (not the
idiosyncratic volatility) is a good proxy for the investment sentiment of market states. As the result,
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(2012a) propose the global volatility (innovation) risk (GV'I) of FX market instead of
HM Lrx as the slope factor that, along with GD R as the level factor, also successfully
explains the cross sectional excess returns of currency carry trades. They show that
high interest-rate currencies deliver negative returns in the times of high unexpected
volatility while low interest-rate currencies offer a hedge against the volatility risk by
yielding positive returns. However, these studies haven’t bridged the gap between

currency risk premia and macroeconomic fundamentals.

1.3 Fundamental Risk and and Currency Premia

In this section, we provide the theoretical foundations that link the excess returns of
currency carry trades to macroeconomic fundamental risk through two sources. One is
a possible joint affine term structure model of interest rates and sovereign CDS spreads
that market liquidity component and sovereign credit component are decomposed from
the interest rates. We also count on the models of global imbalances that underscores
the valuation channel of a nation’s net foreign asset holdings towards exchange rate
adjustments, and the liquidity provision role of financial intermediaries. All these
provide a theoretically sound ground for this Ph.D. thesis to disentangle the mystery
of currency risk premia from the aspects of sovereign credit, equilibrium exchange rate

misalignment, speculative and crash risks.

1.3.1 Term Structure: Interest Rate and Sovereign CDS
Spread

The arbitrage-free term structure models (AF-TSM) of interest rates are an affine
dynamic function of a set of state vector with restrictive assumptions, allowing us to
separate risk premia from risk-adjusted expectations about future short rates. The

affine sovereign CDS model is useful for gauging the sovereign credit risk in currencies

a risk-averse agent wishes to hedge against unexpected changes (innovations) in market volatility,
especially during the period of high unexpected volatility the hedging demand for assets that have
negative exposures to systematic volatility risk drives up the prices of these assets. Campbell (1993),
Ang, Hodrick, Xing, and Zhang (2006), Adrian and Rosenberg (2008) have made remarkable extensive
researches on the volatility risk of stock markets.



when jointly valuated with the interest rates. The TSMs of interest rates are well
explored jointly with the UIP of currencies both theoretically and empirically but the

TSMs of sovereign CDS are rarely linked to the study of forward premium anomaly.

Backus, Foresi, and Telmer (2001) translate Fama’s (1984) condition for forward
premium anomaly into restrictions on the pricing kernels, adapt those to the affine
interest rate term structure models of Duffie and Kan (1996) class, and reveal that
several alternative models (e.g. Cox, Ingersoll, and Ross, 1985) all have serious
shortcomings in depicting the behavior of both exchange rates and interest rates in
terms of the positive probability of negative interest rates or heterogeneous effects of
factors on pricing kernels across different currencies. Bekaert, Wei, and Xing (2007)
show that deviations from the Expectations Hypothesis of the Term Structure (EHTS)
can only explain a minor fraction of the failure of UIP in the long run and imposing

the EHTS does affect the currency risk premia.

Ahn (2004) studies the joint dynamics of interest rate term structures and exchange
rates and shows that the currency risk premia are necessary to equalize the sovereign
bond premia. Alvarez, Atkeson, and Kehoe (2009) point out that the risk premium of
a currency pair is approximately equal to its interest rate differential. Clarida, Davis,
and Pedersen (2009) show that the yield curve level factor is positively correlated
with carry trade excess returns while the slope factor negatively, and the relationships
are regime-irrelevant. The predictability of currency risk premia by the information
extracted from the term structures of interest rates is consistent with the “no-arbitrage”
condition (Diez, 2009). Ang and Chen (2010) find that yield curve predictors, e.g. term
spreads and changes in interest rates, are capable of forecasting currency excess returns
up to 12 months ahead. They also stress that any variable that impacts the price of
sovereign bonds can potentially improve forecasting exchange rate movements. Chen
and Tsang (2013) provide supportive evidence that the forward premium puzzle can
be related to the inflation and business cycle risks via the yield curves. Nevertheless,
Inci and Lu (2004) point out that currency risk premia are also attributable to other

factors that does not lie in the yield curves.

The existing literature has established a strong relationship between the macroe-
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conomy (such as monetary policy, real output growth, inflation, etc.) and the yield
curve using either VAR with orthogonal factors (see Ang and Piazzesi, 2003) or
dynamic factor approach with Kalman filter (see Diebold, Piazzesi, and Rudebusch,
2005; Diebold, Rudebusch, and Boragan Aruoba, 2006; Rudebusch and Wu, 2008; for
latent factor analysis, specifically, level, slope, and curvature). Hordahl, Tristani, and
Vestin (2006) build a joint econometric model of macroeconomic and term-structure
dynamics with forward-looking setting that has comparable explanatory power for yield
curves to those based on unobservable factors. Bikbov and Chernov (2010) show that
macroeconomic variables explain 80% of the variation in short rates, 50% of the slope,
and roughly 50% to 70% of the term premia. Pan and Singleton (2008) explore the
nature of the default arrival and recovery/loss implicit in the affine term structure of
sovereign CDS spreads and reveal a close linkage between the unpredictable component
of the credit events and the measures of macroeconomic policy, global risk aversion,
and financial market volatility. The comovement in global sovereign CDS spreads is a
compensation (time-varying sovereign risk premium) for the common exposure to U.S.
consumption growth and volatility risks (Augustin, 2012). All the evidence suggests the
information about the sovereign credit risk as a leading indicator for macroeconomic
conditions can be straightforwardly related to the changes of interest rates or term
spreads, and thereby can be a possible solution to the forward premium puzzle. A
joint valuation of the term structures of the interest rates, sovereign CDS spreads, and
currency carry trades’ is desirable in order to extract the implicit sovereign credit risk

component from the yield curve for understanding the failure of UIP.

The reduced-form term structure model of sovereign bonds that are subject to
default risk presented by Duffie and Singleton (1999) is an ideal analytical framework.
Diebold, Li, and Yue (2008) further propose a global extension of Diebold and Li’s
(2006) dynamic version of Nelson and Siegel’s (1987) TSM?, allowing for both global
and country-specific factors. Their model explains a large fraction of the yield curve

dynamics and offers a guidance for the joint modeling in a global context. By

"See Lustig, Stathopoulos, and Verdelhan (2013), who provide the first study of the term premia
of currency carry trades.

8Imposing Nelson and Siegel’s (1987) structure on affine arbitrage-free TSMs can greatly facilitates
the estimation and improve performance for forecasting (Christensen, Diebold, and Rudebusch, 2011).
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decomposing the term structure of sovereign CDS spreads, Longstaff, Pan, Pedersen,
and Singleton (2011) show that the default risk component is more associated with
the global risk than with the country-specific risk. The shape of the term structure of
sovereign CDS spreads is also informative about how global risk and country-specific
risk are associated with sovereign credit risk (see Augustin and Tédongap, 2014, for
details). Cochrane and Piazzesi (2009) build an affine TSM that incorporates bond
risk premia by decomposing the yield curve. Furthermore, given that sovereign credit
premia not only is the risk in medium and long run but also, more importantly,
represent the short-run rollover risk of maturing debts and refinancing constraint by the
pledgeable claims (Acharya, Gale, and Yorulmazer, 2011; He and Xiong, 2012), both
the short-term interest rates and the term spreads thereby can be decomposed into
the market liquidity premium component and sovereign credit premium component
for linking the global liquidity imbalances (first component) and sovereign default risk

(second component) to the excess returns of currency carry trades.

1.3.2 Global Imbalances: Valuation Channel and Funding

Liquidity Constraint

Gourinchas and Rey (2007) show that the external imbalances of a country must
contains information about future portfolio returns on net foreign assets and/or
future path of current account surplus. A country currently running net external
debt will inevitably experience a depreciation in its currency that is attributable to
international financial adjustments through the balance sheet effect of the intertemporal
budget constraint. Exchange rates not only adjust through the bilateral trade channel
(Obstfeld and Rogoff, 1995) but also open a valuation channel on the external assets
and liabilities that transfer wealth from creditor countries to debtor countries. They
find that external imbalances predict the exchange rates at 1-quarter horizon ahead
and beyond. Abhyankar, Gonzalez, and Klinkowska (2011) manage to price a large
proportion of the variation in the cross-sectional excess returns (quarterly) of currency
carry portfolios using conditioning information of a forward-looking net foreign assets

via a standard C-CAPM. Therefore, global imbalances reflects the sovereign credit
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premia.

Moreover, some recent studies reveal that market attitude towards crash risk (e.g.
Baek, Bandopadhyaya, and Du, 2005; Borri and Verdelhan, 2011), macroeconomic
fundamentals such as the volatility of terms of trades (see Hilscher and Nosbusch,
2010), and financial fragility (e.g. Ang and Longstaff, 2013) are well embodied in
sovereign credit premia in terms of statistical and economic significance. Durdu,
Mendoza, and Terrones (2013) also show that the solvency of a state responds
sufficiently to the external adjustments, suggesting that sovereign credit risk plays
a pivotal role of “meta information?” about external imbalances. Caceres, Guzzo,
and Segoviano Basurto (2010) further accentuate the proper management of the debt
sustainability and sovereign balance sheets as the necessary conditions for preventing
the sovereign default risk from feeding back into broader financial instability. Sovereign
spreads thereby contain complex information for the valuation of currency risk premia
in response to external adjustments of a nation. Caballero, Farhi, and Gourinchas
(2008) propose another analytical framework of global imbalances that emphasizes
the countries’ ability to produce financial assets for global savers/insurers. Gabaix
and Maggiori (2015) show that the currency of a debtor country must offer a risk
premium for the financial intermediaries to absorb the exchange rate risk associated
with the global imbalances arising from international capital flows, but it is exposed
to the depreciation risk when their risk-bearing capacity declines, e.g. high market
risk sentiment and funding liquidity constraint. Global imbalances serve as not only a
influential determinant of equilibrium exchange rate (MacDonald, 2005), but also an
important predictor of exchange rates (Jorda and Taylor, 2012). Thus, currency premia

must imply the crash risk associated with global imbalances bear by the investors.

91t refers to the concept of the information on information in informatics.
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1.4 The Meese-Rogoff Puzzle and Exchange Rate

Forecasting

The history of exchange rate forecasting has witnessed a longstanding segregation
between two schools of thoughts, chartists and fundamentalists. Proponents of chartism
methods eschew macroeconomic fundamentals and focus on patterns, particularly
using high frequency data, that are contained in the past history of exchange rates.
Proponents of fundamental analysis evaluate the intrinsic value of exchange rates using
macroeconomic fundamentals which are indicative of the overall competitiveness of a
currency. However, the majority of empirical implementations of the macro-based
models give severely inaccurate forecasts that are unable to explain a high percentage
of variation in exchange rates (Frankel and Rose, 1995; Kilian, 1999; Berkowitz and

Giorgianni, 2001; Faust, Rogers, and Wright, 2003; Cheung, Chinn, and Pascual, 2005).

1.4.1 Macro Fundamentals and Market Microstructure

Meese and Rogoff (1983) provide robust evidence over several decades that a structural
macro-based model cannot outperform a naive random walk (RW). Furthermore,
the macroeconomic fundamentals suggested by monetary models of exchange rate
determination are not volatile enough to rationalize the volatility of exchange rates
in post-Bretton Woods period (Flood and Rose, 1995). Bacchetta and Van Wincoop
(2013) attribute uncertainty in expectations of the structural parameters for the
unstable relationship between exchange rates and macroeconomic fundamentals. In a
stylized rational expectations model, heterogeneous agents search and select a basket of
indicators that are capable of (either coincidentally or occasionally) explaining observed
exchange rate movements, and accordingly formulate trading strategies. The weights
attached to these “scapegoat” variables change over time so that the behavior of
exchange rates seems to be unrelated to certain macroeconomic fundamentals and
the estimated parameters become instable (Rossi, 2005). This theory is empirically
validated by Fratzscher, Rime, Sarno, and Zinna (2015). Engel and West (2005),
Engel, Mark, and West (2007) offer an alternative explanation for the random walk
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nature of exchange rates that the macroeconomic fundamentals employed in macro-
based model for exchange rate forecasting may follow I(1) processes but not necessarily
random walks. As a result, when the Stochastic Discount Factor (SDF) in the present
value relationship approaches unity, exchange rate series exhibit characteristics which
are arbitrarily close to random walks. This assumption is further supported by the
empirical findings of Sarno and Sojli (2009). The expectations of macroeconomic

fundamentals are hence intuitively dominated by the innovation component.

To forecast the exchange rates more accurately, it is necessary to focus on the
surprise component (the difference between the expectations and the realized values).
Evans and Lyons (2002; 2005b) show that these surprises, by definition orthogonal to
the public information, should exist in the order flow imbalances (the difference between
buyer-initiated and seller-initiated orders), from which private information about the
macroeconomic fundamentals is learned. They also find order flow has true ex-ante
predictive power on exchange rates with an ever-higher empirical validation. FExcess
speculation and manipulation of institutional investors'® (Cheung and Chinn, 2001)
and order flow (Froot and Ramadorai, 2005; Bacchetta and Van Wincoop, 2010) are
intimately associated with short-run exchange rate returns that portfolio balance effect
plays a pivotal role in the contemporaneous correlation (Breedon and Vitale, 2010)
while macroeconomic fundamentals that reflect the intrinsic values of exchange rates
offer a better explanation for long-run returns. Moreover, “price cascade” catalyzed
by stop-loss orders may contribute to the “exchange-rate disconnect puzzle” (Osler,
2005). Albuquerque, Bauer, and Schneider (2009) argue that return-chasing behavior
of investors in global equity markets is not due to naive trend-following, but mostly
due to private information. And the superior information acquired from the order
flows of international equity markets forecasts currency returns as well'! (Albuquerque,

De Francisco, and Marques, 2008).

WTnstitutional investors, such as hedge funds, are the origins of superior information (Osler and
Vandrovych, 2009).

"Dunne, Hau, and Moore (2010) further show that aggregate order flow in currency market can
also explain equity returns better than macroeconomic fundamentals.
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1.4.2 Announcement Effect and Order Flow

Currency market reactions to macro news are quick and widely observed in high
frequency data, but they also dissipate rapidly as the post-announcement interval
increases (Almeida, Goodhart, and Payne, 1998). Announcement surprises generate
jumps in the conditional means of exchange rates, and bad news or negative shocks
exerts greater impacts than their counterparts (Andersen, Bollerslev, Diebold, and
Vega, 2003). Market volatility generally rises in the pre-announcement period, typically
before the scheduled announcement (Bauwens, Ben Omrane, and Giot, 2005). The real-
time adjustments of currencies are stronger when policy uncertainty'? is high (Ehrmann
and Fratzscher, 2005). As a result, the high frequency responses of exchange rates
are also characterized by “overshooting” (Faust, Rogers, Wang, and Wright, 2007).
Exchange rates do not absorb macro news instantaneously, rather they react directly
and indirectly via customer order flows, from which private information stems (Evans
and Lyons, 2005a, 2008; Love and Payne, 2008). Ample studies provide supportive
evidence of the information effect of market microstructural trades (see Lyons, 1995;
Payne, 2003; Bjgnnes and Rime, 2005; Killeen, Lyons, and Moore, 2006, among others).
News arrivals lead to the changes in trading activities of various types of end-users (e.g.
hedge funds, mutual funds, and non-financial corporations'®), which, in turn, induces
price changes, and this influence can last for several days (Evans and Lyons, 2005a).
Evans and Lyons (2008) further consider non-scheduled announcements and reveal that
news arrivals transmit a large proportion of the effects on exchange rates through the
volatility of order flow. The recent literature of the cross-section of customer order
flows (Menkhoff, Sarno, Schmeling, and Schrimpf, 2013b) show that different groups
of clients possess distinctive forecasting abilities and investment styles of exchange
rates, and therefore differs in their risk exposures. Their empirical results suggest a

significant economic value for the market participants to access customer order flows.

12Beber and Brandt (2006) find that the regularly schedule announcements reduce the uncertainty
measured by option-implied volatility, and the changes in other higher-order moments depend on the
nature of macro news.

13Bjgnnes, Rime, and Solheim (2005) present evidence of the (overnight) liquidity provision role
of non-financial customers, as their net positions are negative correlated with exchange rates. While
financial customers’ order flows are indicative of the directions of future exchange rate movements.
Frommel, Mende, and Menkhoff (2008) find similar results that commercial customers are less informed
than financial ones.
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Nevertheless, Sager and Taylor (2008) cast a doubt on the practical value of these
commercially available data. Informational advantage is also found in the inter-dealer
foreign exchange (FX) market that the price discovery of order flow is strengthen in the
period of low market liquidity'* (Berger, Chaboud, Chernenko, Howorka, and Wright,
2008), and that traders with active trading activities or market specialization, and
those who engage in cross-rates (triangular) arbitrage, are best informed (Moore and
Payne, 2011). Breedon, Rime, and Vitale (2010) find that carry-initiated order flow

generates negative skew in currency returns.

1.4.3 Technical Analysis and Adaptive Learning

In the past decades scholars and practitioners have surmounted the skeptical nature of
technical analysis'® via exploring various market inefficiencies. Brock, Lakonishok, and
LeBaron (1992) show that, overall in the stock market, buy signals generate higher
returns and lower volatilities than sell signals, and the returns following sell signals
are negative, which cannot be rationalized by existing equilibrium models. Sullivan,
Timmermann, and White (1999) further reveal that the performances of a wide range
of technical trading rules are robust to data-snooping biases. Lo, Mamaysky, and
Wang (2000) propose a pattern-recognition approach using smoothing estimator and
nonparametric kernel regression methods, and find that technical indicators do contain
additional information about future movements of the stock market. Simple technical
trading rules can also be employed to identify profit opportunities in the FX market,
particularly are more profitable during the central bank intervention periods (see
Frankel and Froot, 1990; Levich and Thomas, 1993; LeBaron, 1999). Taylor and Allen’s
(1992) survey indicates that the use of technical rules for high-frequency and short-term
trading strategies increases with the frequency of trades and maybe self-fulfilling. Neely,

Weller, and Dittmar (1997) utilize a genetic algorithm to learn technical trading rules,

4Volatility-volume relationship (Chan and Fong, 2000), persistent market volatility and information
arrival rate (Berger, Chaboud, and Hjalmarsson, 2009) are attributable to the time-varying price
impact of order flow imbalances, which is shown to be inversely proportional to the market depth
(Cont, Kukanov, and Stoikov, 2013).

15Cyeclical and range break trackers routinely use moving average (MA) and stochastic oscillators
(SO), and optimize the windows and weights for these statistical indicators to make a trade-off between
the timeliness of signals and the possibility of whipsaws.
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which generate sizeable out-of-sample excess returns that cannot be justified by the
exposures to systematic risk. Okunev and White (2003) construct zero investment-
cost (long-short) momentum strategies using various optimization procedures to select

an MA that produces persistently substantial risk-adjusted returns.

Technical analysis provides information about non-fundamental impacts on the
short-run exchange rate fluctuations, and its trading rules yield higher profitability with
more volatile currencies (Menkhoff and Taylor, 2007). The larger the share of chartist
participation, the greater the noise-to-signal ratio, which becomes a major source of
speculative profits of the chartism (De Grauwe and Grimaldi, 2006). Notwithstanding,
it is agnostic about the process through which the information about the intrinsic
values of exchange rates is incorporated into the new forecasts since, under the Efficient
Market Hypothesis (EMH), all relevant information is assumed public and mapping
into prices immediately. One of the principal assumptions of technical analysis is
that the price equals to the sum of trend, cycle, and noise components, implying
that the random walk natural of exchange rates may rule out any possibility for
the chartists to beat the market. Yet, it conforms with the cognitive bias and the
process of learning and adaption of Adaptive Market Hypothesis (AMH) proposed by
Lo (2004) and further testified by Neely, Weller, and Ulrich (2009), and Ivanova, Neely,
Rapach, and Weller (2014). Neely and Weller (2013) find supportive evidence that
traders exploit and gradually eliminate market profit opportunities by learning from
the market and competing with each other, and that sophisticated strategies survive
and evolve over time. According to the market microstructure theory, we can instead
concentrate on the process through which private information is dispersed and observed
by market participants who set the trade prices and the expectations on macroeconomic
fundamentals are revised and further incorporated into exchange rates. Osler (2003)
find market microstructure evidence of the predictive success of technical analysis that
take-profit order clusters predict mean reversions at support/resistance levels while
stop-loss order clusters explains the accelerations of trends after the technical patterns
cross such levels. In contrast to fundamentalists, chartists measure the relative values
of exchange rates by statistically deriving the market beliefs about the fundamental

equilibrium values of exchange rates from historical prices. Then the prevailing price
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will approach its true value via the observation of past moving average prices.

1.4.4 Heterogeneous Expectations, Combined Forecasts, and

Forecasting Horizons

Currency misalignment from the fundamental equilibrium value is a dominant source
of heterogeneity in exchange rate expectations Menkhoff, Rebitzky, and Schroder
(2009) and of carry trade risk premia Huang and MacDonald (2013b), which, to some
extent, reflect uncertainty that may be related to the limits to arbitrage (Shleifer
and Vishny, 1997) wherein noise-trader risk (see De Long, Shleifer, Summers, and
Waldmann, 1990a; Jeanne and Rose, 2002) weakens rational arbitrageurs’ ability to
correct mispricing in short run (De Long, Shleifer, Summers, and Waldmann, 1990b),
and/or to the information dispersion about macroeconomic fundamentals (Bacchetta
and Van Wincoop, 2006) . All these studies suggest that AMH is a plausible explanation
for the fundamental disconnect and technical profitability puzzles. Dick and Menkhoff
(2013) provide strong support for the chartist-fundamentalist framework proposed by
De Grauwe and Grimaldi (2006) wherein agents switch forecasting rules based on Brock
and Hommes (1997) mechanism. Chartists tend to follow trends and outperform
fundamentalists at short horizons while fundamentalists are more concerned about
(nonlinear) mean-reversion to Purchasing Power Parity (PPP) (see Taylor, Peel, and
Sarno, 2001). As indicated by Neely, Rapach, Tu, and Zhou (2014), macroeconomic
fundamentals and technical indicators provide complementary information about the
stock market over business cycles. The equity risk premium is readily captured by
technical indicators near the business-cycle peaks whereas it is better forecast by
macroeconomic fundamentals near the cyclical troughs. The current state of the
economy can be learnt by agents gradually, but customer order flows that mirror
heterogeneous expectations of a broad set of macroeconomic fundamentals provide
timely information (Rime, Sarno, and Sojli, 2010). A hybrid model of macroeconomic
fundamental determination and a market microstructure approach, proposed by Evans
(2010), Chinn and Moore (2011), exhibits greater in-sample stability and out-of-

sample predictive power than the random walk, monetary models without order-flow
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augmentation and even with central bank reaction function. We show that a substantial
proportion of currency risk premia is related to the combination of information from
macroeconomic fundamentals, technical indicators, financial indices, policy uncertainty
(Baker, Bloom, and Davis, 2012), to hedging pressure in futures market (Acharya,
Lochstoer, and Ramadorai, 2013), crash sensitivity measured by copula methods and
option-implied moment risk premia (see Huang and MacDonald, 2013b), in a dynamic

(Bayesian) model averaging fashion.

Kilian and Taylor (2003) shows that exchange rate predictability is difficult to
exploit in real time but increases with forecasting horizons (see also Mark, 1995; Mark
and Sul, 2001; Groen, 2000, 2005; Rapach and Wohar, 2002, 2004, that suggest a
long-run relationship between macroeconomic fundamentals and exchange rates). The
relative weight attached to fundamental analysis, as opposed to technical analysis, also
rises with forecasting horizon (Taylor and Allen, 1992; Menkhoff and Taylor, 2007). The
studies of Colacito and Croce (2011) and Bansal and Shaliastovich (2013) establish a
connection between exchange rate movements and the long-run risk (Bansal and Yaron,
2004; Bansal, Kiku, and Yaron, 2010). The predictability from short-term to medium-
term and its origins remain unaddressed. Clarida and Taylor (1997), Clarida, Sarno,
Taylor, and Valente (2003) demonstrate that an exchange rate forecasting model which
exploits information embedded in the term structure of forward premia can outperform
a random walk and other traditional models across a range of horizons. And it can also
be utilized to produce profitable currency trading strategies in a realistic investment
context (Sager and Taylor, 2014). Ahn (2004) theoretically derives the exchange rate
risk premia as a function of the differentials of risk premia between bond factors of two
countries. Ang and Chen (2010) emphasize that term spreads and changes in interest-
rate levels contains additional information about future currency returns. Chen and
Tsang (2013) extract yield curve factors from the relative term structure of interest

rates to forecast exchange rates!®.

6Duffee (2011) points out that a substantial part of the bond risk premia, which have strong
predictive power for future short-term rates and bond excess return, is hidden from the cross-section
of bond yields and cannot be well explained by macroeconomic fundamentals.
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Chapter 2

Currency Carry Trades,
Position-Unwinding Risk, and

Sovereign Credit Premia

2.1 Introduction

The Uncovered Interest Rate Parity (UIP) states that under the assumptions of rational
expectations and risk neutrality, the change of future bilateral exchange rate must
equal to the corresponding interest rate differential, or equivalently forward premium?
— this guarantees no excess return of carry trade by taking a long position in the
high-yield currency funded by the low-yield currency. However, ample literature
finds contradicting behavior of exchange rates in reality (see Hansen and Hodrick,
1980; Fama, 1984; Engel, 1996, among others), which is namely “forward premium
puzzle”. The deviations from UIP generate sizeable excess returns over the past 30
years (Brunnermeier, Nagel, and Pedersen, 2009), and the higher inflation rates of the
currencies, the higher profits of this trading strategy in practice (Bansal and Dahlquist,
2000).

Expectations errors and time-varying risk premia are natural solutions to this

! Akram, Rime, and Sarno (2008) provide compelling evidence that Covered Interest Rate Parity
(CIP) holds in the data at different frequencies.
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puzzle. Theoretical risk factors can barely explain the profitability of currency carry
trade (Lustig and Verdelhan, 2007; Burnside, 2011). However, using a data-driven
approach, Lustig, Roussanov, and Verdelhan (2011) reveal that two (global and
country-specific) risk factors capture most of the variations in the cross section of
currency carry trade portfolios. Menkhoff, Sarno, Schmeling, and Schrimpf (2012a)
further find that global volatility risk is able to price a very large proportion of the cross-
sectional variations with a statistically significant factor price. One contribution of our
research to empirical asset pricing of currency carry trades is that we rationalize the
carry trades’ excess returns from the perspective of sovereign credit risk as the dominant
macroeconomic fundamental (country-specific) risk, which is strongly supported by
our empirical results. The investigation is founded on the theory of a country’s
external adjustment to the global imbalances through the valuation channel of exchange
rates (Gourinchas and Rey, 2007). The heterogeneity in countries’ ability to produce
financial assets for global savers determines the dynamics of bilateral exchange rates in
allocating portfolios between the imperfectly substitutable foreign and domestic assets
(Caballero, Farhi, and Gourinchas, 2008). The currency of a debtor country must
offer a risk premium for the financial intermediaries to absorb the exchange rate risk
associated with the global imbalances arising from international capital flows (Gabaix
and Maggiori, 2015), but it is exposed to large depreciation risk when their risk-bearing
capacity declines, e.g. high market risk sentiment and funding liquidity constraint
(Brunnermeier and Pedersen, 2009; Ferreira Filipe and Suominen, 2013). Moreover,
global imbalances are the crucial macroeconomic determinant of sovereign credit risk.
Hilscher and Nosbusch (2010) emphasize the volatility of terms of trade as the key
component. Durdu, Mendoza, and Terrones (2013) show that a country with weak
solvency needs to respond strongly to the Net Foreign Assets (NFA) to keep it on
a sustainable path. In particular, Schularick and Taylor (2012) demonstrate that a
credit boom is a powerful predictor of financial crises, only in which currency carry
trades suffer substantial losses. However, global imbalances are weakly correlated with
the financial distresses. We resort to sovereign credit risk because it embraces the

information about both global imbalances and financial distress.

Our investigation is also rooted in the implicit sovereign component of the term
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structure models of interest rates and currency forward rates. The yield curve factors
forecast future spot rate movements of the foreign exchange market from one month
to two years ahead, which is robust to controlling for other predictors (Ang and Chen,
2010; Chen and Tsang, 2013). Clarida, Davis, and Pedersen’s (2009) study indicates
that yield curve factors are strongly correlated with carry trade excess returns. By
decomposing the yield curve, Cochrane and Piazzesi (2009) incorporate bond risk
premia in an affine term structure model. Longstaff, Pan, Pedersen, and Singleton
(2011) decompose the term structure of sovereign CDS spreads (Pan and Singleton,
2008) and find a strong association between macroeconomic factors and the default
risk component. In the multi-factor, two-country term structure and exchange rate
model built by Ahn (2004), exchange rate risk premia are shown to be a function of
the differentials in the sovereign bonds risk premia. In particular, both the short-term
interest rates and the term spreads may be decomposed into a market liquidity risk
component and a sovereign credit risk component that even short rates reflect the
rollover risk of maturing debt and refinancing constraint of a country in short run (see
Acharya, Gale, and Yorulmazer, 2011; He and Xiong, 2012 for the analyses of stock
market). The currencies of debtor countries offer risk premia to compensate foreign
creditors who are willing to finance the domestic defaultable borrowings, such as current
account deficits. The business cycle theory of sovereign default proposed by Mendoza
and Yue (2012) also implies that countercyclical sovereign credit risk may account for
the currency risk premia. The advantages of tracking sovereign risk by a country’s
CDS spreads rather than its Net International Investment Position (NIIP) or sovereign
bond yields are that (i) we cannot observe NFA in monthly frequency? but we can
trade currencies on corresponding sovereign CDS spreads daily, and (ii) sovereign CDS

contracts are less affected by funding liquidity and flight-to-safety issues.

Another contribution of our research is that we, motivated by the crash risk story
about currency carry trades of Brunnermeier, Nagel, and Pedersen (2009), originally
derive the position-unwinding likelihood indicator of carry trade portfolios from the
extended version of classical option pricing model (Black and Scholes, 1973; Merton,

1974) for foreign exchanges by Garman and Kohlhagen (1983). That the crash (jump)

2Please refer tos Lane and Milesi-Ferretti (2007) for annual panel data.
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risk is priced in currency excess returns is also stressed by other scholars’ recent
studies, such as Jurek (2007), Farhi, Fraiberger, Gabaix, Ranciere, and Verdelhan
(2009), Chernov, Graveline, and Zviadadze (2012). But the option prices might in
principle not cover latent disaster risk of exchange rates (Farhi and Gabaix, 2008). We
thereby adjust the position-unwinding likelihood indicator for skewness and kurtosis by
Gram-Charlier expansion for the standard normal distribution density function. The
position-unwinding risk factor is highly correlated with the global (dollar) risk factor,
which may be deemed as supportive evidence for Brunnermeier, Nagel, and Pedersen’s
(2009) liquidity spiral story. Carry trade excess returns portray the “self-fulfilling”
behavior that investors boost the price (appreciation of a currency) in good times
and realize their profits by unwinding carry positions in bad times, triggering further
dips. Currency carry trades give rise to global liquidity transfer. The liquidity will
keep injecting into the high interest-rate currencies and generate the negative skewness
phenomenon against the low interest-rate currencies® (and that’s why the position-
unwinding likelihood indicator is closely associated with the global skewness factor we
construct) as long as the position-unwinding likelihood does not exceed a critical value
of sustainable “global liquidity imbalances”, which is intimately related to the market
sentiment and macroeconomic fundamentals, e.g. the mismatch between short-term
and otherwise maturing external debts and the pledgeable value of external assets
of a nation, and the funding liquidity constraints (Gabaix and Maggiori, 2015). As
pointed out by Hellwig, Mukherji, and Tsyvinski (2006), the UIP may be attributable to
the self-fulfilling expectations and multiple equilibria that traders have heterogeneous
private information about the likelihood of a devaluation. When the imbalances in
global liquidity is unsustainable, carry traders begin to unwind their positions as the
bubble-correcting behavior of the market (Abreu and Brunnermeier, 2003), followed
up by abrupt price reversal and liquidity withdrawal (Plantin and Shin, 2011). The
liquidity eventually dries up, leading to the crash of high interest-rate currencies
(dramatic depreciations relative to the low interest-rate currencies). Following the
economic intuition of the position liquidation story of currency crashes, we further

construct aggregate realized skewness and kurtosis factors as proxies for crash risk.

3See Plantin and Shin (2011). They build a strategic games framework to demonstrate the
destabilizing effect of currency speculative positions.
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The global skewness factor is also highly correlated with the global (dollar) risk factor.
The position-unwinding risk of carry trades is highly correlated with the aggregate level
of volatility and skewness risk in FX market. Thus, we suggest the position-unwinding
likelihood indicator as the gauge of market risk appetite, and propose an alternative

carry trade strategy that is immunized from crash risk by analyzing the threshold level*.

Furthermore, we show that the two-factor model of sovereign credit risk and
position-unwinding risk performs well and has a robust performance in terms of cross-
sectional pricing power in our data. We also examine the robustness of our main
findings in various specifications without altering their qualitative features: (i) We
use an alternative measure of sovereign credit risk based on government bonds, which
explains the excess returns of currency carry trades as well as the factor directly implied
by the currencies and the AR(1) innovations in global sovereign CDS spreads. (ii) By
double sorting of the currencies on both sovereign CDS spreads and equity premia, we
show that equity risk premium is not priced in the cross-section of currency carry
trade excess returns. (iii) We winsorize the series of the shocks to the aggregate
level of sovereign CDS spreads at 95% and 90% levels, and confirm that this factor
does not represent a peso problem as the factor price of the sovereign credit risk
is still statistically significant. (iv) We show that sorting currencies on their betas
with sovereign credit risk is quite similar but not identical to those sorted on forward
discounts. Currency portfolios doubly sorted on betas with both sovereign credit risk
and position-unwinding risk also exhibit monotonic patterns in returns along both
dimensions and are more close to currency carry portfolios. (v) Given that the position-
unwinding risk and AR(1) innovations in global CDS spreads are not return-based
series, by building a factor-mimicking portfolio, we're able to confirm their validity
and reliability as arbitrage-free traded factors. (vi) We verify that position-unwinding
likelihood indicator is a good proxy for global crash risk by introducing two additional
(moment) factors, global skewness and kurtosis risk. Moreover, we show that it is
trivial to adjust the standard normal probability distribution for skewness and kurtosis

in the option pricing model to compute the position-unwinding likelihood indicator of

4We employ a Smooth Transition Model (STR) to identify this threshold level captured by the
position-unwinding likelihood indicator. This will be discussed in detail later in the supplementary
appendix of this chapter.
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carry trade positions. (vii) We compare the cross-sectional asset pricing power of our
slope factor with volatility and liquidity factors and show that the sovereign credit risk
dominates liquidity risk but not volatility risk. (viii) We investigate the behavior of
currency momentum® and volatility risk premium strategies that is shown subject to
sovereign credit risk as well. (ix) We use both linear and nonlinear Granger causality
tests to analyze the dynamics among risk factors, and identify not only the sovereign
credit risk as an impulsive factor that drives other country-specific factors, such as
volatility and liquidity risk, but also the spillover channel of the contagious country-

specific risk to the global economy.

The rest of this chapter is organized as follows: Section 2.2 introduces the measure
of position-unwinding risk of carry trades by currency option pricing model. Section
2.3 describes the theoretical foundations for sovereign credit premia based on existing
theories. Section 2.4 provides the information about the data set used in this chapter,
and the approaches for portfolio and risk factor construction. In Section 2.5, we
introduce the linear factor model and the estimation methodologies. In Section 2.6, we
show the empirical results, compare the asset pricing performance of our benchmark
model with others, and discuss the implications for forward premium puzzle. Section 2.7
presents several additional robustness checks for our findings. Conclusions are drawn
in Section 2.8. The supplementary empirical results are delegated to Appendix .A
including the contagion among risk factors using both linear and nonlinear Granger
causality tests, and we also put forward a threshold carry trade strategy that is
immunized from crash risk according to the position-unwinding likelihood indicator

in this part.

2.2 Position-unwinding Likelihood Indicator

We build the position-unwinding likelihood indicator in a similar way to Vassalou and

Xing’s (2004) for evaluating the default risk premia in equity returns. We use the

5 Analogous 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.
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canonical option pricing formula (Black and Scholes, 1973) as they do. The difference
is that their strike prices are the book value of firm’s liabilities, as in Merton (1974),
while we set the strike prices to be the forward rate so that both of the CIP and
UIP are embodied in the option pricing model. We also compute the currency option
prices based on Garman and Kohlhagen’s (1983) version for currency option valuation
for hedging the carry trade positions. The higher moments, such as skewness and
kurtosis are ignored in these option pricing models. However, for the currency carry
trades, Brunnermeier, Nagel, and Pedersen (2009) show a negative cross-sectional
correlation between interest rate differentials and empirical skewness, also the implied
(risk neutral) skewness of the out-of-money option “risk reversals”. The tail risk is
of paramount importance for illuminating currency crash premia (Farhi, Fraiberger,
Gabaix, Ranciere, and Verdelhan, 2009) and the jump risk account for 25% of the total
currency risk, and as high as 40% during the turmoil periods (Chernov, Graveline, and
Zviadadze, 2012). They also show that the probability of the depreciation jump of
a currency is positively associated with the increase in its interest rate. Moreover, if
agents are averse to kurtosis, which measures the dispersion of the extreme observations
from the mean, this is consistent with Dittmar’s (2002) nonlinear pricing kernel
framework. Hence, we adjust the option pricing model by introducing the third and
fourth moments as the higher order terms expansion. Under the condition that CIP

holds, we have:

l+r=(14r)—= (2.1)

where S; is the spot rates, and F; is the forward rate with the same maturity of T as
r¢, and r;, which denotes domestic (U.S.) risk-free interest rate, and foreign risk-free
interest rate, respectively. Therefore, In F; —In.S; >~ r; —r,. When 7} > r;, implying
F, > S;, a U.S. investor takes a carry position to short USD for long foreign currencies
which is equivalent to betting on Sy, < F}. This means that the future sport rate of the
USD will not appreciate as much as the CIP predicts or even will depreciate because of
the failure of UIP, which claims that Sy 7 = E[S;1|S;] = Fi. If the U.S. investor does
not enter a forward contract for the carry position he has already taken, the amount
of the assets in USD on his wealth balance sheet will be (1 + 7}) S;/ S while 1 + 7,
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is the amount of USD-denominated liabilities that he has to pay back at t+7. Thus, if
it turns out that S;.r > F; at time t+7T, the U.S. investor will go bankrupt and have
to liquidate his carry position. Then, the position-unwinding probability of a currency
pair 7 at ¢ is the probability that the S; 7 will be greater than the F; (see Appendix
A for the details of geometric Brownian motion (GBM) and Currency Option Pricing
Model).

wt—‘rT =Pr (St—‘,-T Z E | St) =Pr (11’1 St+T Z h'lE | In St) (22)

We can rewrite the position-unwinding risk for a long position of carry trades by

plugging Equation (2) in Appendix .A into Equation (2.2):

2

Uy = Pr (ln Sy —InF}, + <,u — %) T+o ﬁ€t+T > 0) (2.3)

Equation (2.3) can be rearranged as below:

In(Sy/Fy) + (n— 502 T
Similarly, the formula for a short position is given by:
In(S,/F)+ (p—3%0?)T

¢HT:Pr(— d taéT 2 %) > eppr (2.5)

We define the distance to “bankruptcy” (DB) for a FX trader, then the position-

unwinding risk for a single currency pair is computed as follows:

In(S;/F) + (u—3%0%)T
o VT

DBy r = — (2.6)

1 —Pr(DB;,r) if the currency is in long position;

Vrr = (2.7)
Pr(DBy,r) if the currency is in short position.

where Pr (DByyr) = N(DBy;,r), which is the cumulative density function of standard

normal distribution. DBy, tells us by how many standard deviations the log of the
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ratio of S;/F} needs to deviate from its mean in order for the “bankruptcy” to occur.
Notice that value of the currency option does not depend on p but DB, 1 does. This is
because D By, r is determined by the future spot rates given in Equation (6) in Appendix
A. At time t+ T, we use the conditional mean p,;, 7 and conditional volatility o; .7 over
a period of T from time ¢ for the estimations of u, and o, respectively. As implied
in Equation (2.6) of the Black-Scholes-Merton universe, the cross-sectional variation
of currency risk premia is naturally driven by interest rate differential and currency
volatility, and this explains empirical asset pricing results of Lustig, Roussanov, and

Verdelhan (2011); Menkhoff, Sarno, Schmeling, and Schrimpf (2012a).

So far, we use the theoretical distribution implied by standard option pricing models,
which is standard normal distribution. However, N(-) does not represent the true
probability distribution of the currency returns because the tail risk of the currencies
(skewness and kurtosis) is considerably significant. Noting that the first four moments
of the underlying asset’s distribution should capture most of the information for option
valuation (Jarrow and Rudd, 1982), we adjust the standard normal distribution using
Gram-Charlier expansion using Hermite Polynomials (Stuart and Ord, 2009) series (see
Appendix .A for the details). As the historical observations of the position-unwinding
behavior of carry trades is a collapse across these currency portfolios, we then compute

the aggregate level of the position-unwinding risk for the whole FX market as:

Kyqr

PUWr = Koor Z Vi (2.8)
t+

i=1

where K; 1 is the number of the currencies available at time t+7. Strictly speaking,
PUW,,r is not a “bankruptcy” probability faced by the FX traders because it does
not correspond to the true probability of unwound positions in large observations
across business cycles. Therefore, we call PUW, 1 the “position-unwinding likelihood
indicator”, which corresponds to the excess returns of currency carry trades over the
period of T from time ¢. Reassuringly, we will show that it is a good proxy for currency
crash risk in Section 2.5, confirmed by the global skewness (GSQ) factor. It is also
robust to the unadjusted PUW since the adjustment for both skewness and kurtosis

is very trivial compared with the magnitude of probability distribution.
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2.3 Mechanism of Sovereign Credit Premia

Existing literature suggests a plausible linkage between currency premia and sovereign
credit risk, for which we develop a theoretical framework in this section. By introducing
the time-varying sovereign default probability 7, and recovery rate 6% into carry trade,
we can rewrite the carry trade payoffs that invests in foreign risky sovereign debt and
currency funded by domestic safe currency (USD), and link EP[zr; ] with sovereign

default to E;[xzr, 1] with only exchange rate risk as in Coudert and Mignon (2013):

E?[l + CL’TH_1] = EEt[l + l”/’t+1][1 - 7Tt(1 - 6)l+(1 - 5) COVt[ASH_l, It+1] (29)

-~

(I—TFt)Et[1+:E7‘t+1]+7Tt5 ]Et[1+:E7’t+1]

where E,[m; 1] = 7, I;11 equals to 1 if sovereign default occurs in t4 1 and 0 otherwise,
and covy[As 1, Iii1] = 1 {B[Asiiq| L1 = 1] — Ey[Asy 1]} The first term of Equation
(2.9) is the expected excess returns without the response of exchange rate to default
event, and the second term captures the expected currency devaluation upon default.
Under the assumption of rational expectations and risk neutrality of investors, EP[1 +

xri1] = 1 (no excess return), and Equation (2.9) can be rearranged to give:

(L —6)(1 — )

ER[1 + arq] = 1+
Pl o) 1—72(1-0)

(2.10)

where 7, = Eg[Ast+1][t+1 = 1] — E?[Ast+1], E?[A8t+l] = f; — s;. Equation (2.10)
reveals that even under risk-neutral measure QQ, currency premia still exists. It is a
positive function of sovereign default probability and a negative function of expected
currency depreciation given default. Under the assumption of constant probability of
default (PD) over the term structure of sovereign CDS spreads y;’, we use a common
approximation of the risk-neutral PD, 72 = y, /(1—=19). So the currency premia can be

directly measured by y;. Equation (2.10) can also be simplified as:

SFor simplicity, we assume that U.S. (domestic) interest rate 7 is risk-free, 0 < § < 1 and it is
generally assumed to be at 40%.

"Given that the contracts of other maturities are not liquid, we cannot collect enough observations
and thereby assume a flat term structure of sovereign CDS spreads.
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where A;/A} is the ratio of domestic to foreign stochastic discount factor (SDF)®.
Equation (2.11) further implies that position-unwinding risk ¢ is positively correlated
with sovereign credit risk and negatively with expected currency depreciation upon
default, as Ay/A; ~r; —r; = f; — s; in logarithm and the forward premium term also
shows up in Equation (2.6). The first term in Equation (2.11) indicates that interest
rate differential drives the exchange rate to deviate from UIP through sovereign default
channel. The second term captures the overshooting behavior of exchange rates in
the case of currency crashes, and partially offsets the currency risk premia, which,
thereby, depends on covi[Ay11/Af 1, Asipa|liy1 = 1]. To better interpret the asset
pricing implications of sovereign credit premia, we need to differentiate two states of
nature that currency carry trades earn sizeable excess returns in the state of no financial

distress but suffer huge losses in financial distress.

A Aggr | A
E2 [1 + 2T Ai“ < c} = 1+y, {Et { Affl Afjl c] —E2[Asyq |l = 1]} (2.12)
t+1 t+1 t+1

We define this stress scenario as A1 /Ay, < ¢, or correspondingly Ay, > c*, a
certain threshold that the foreign country is under financial distress to default on its
risky sovereign bond and the carry trade positions are under unwinding pressure. Note
that we standard framework of asset pricing model (Cochrane, 2005) implies that the

PD under physical measure P is given by:

Q
= Ty
! (T + 7)) Ee[Af [AF > ]
ﬂ.Q
¢

= (2.13)

(1+77) {]Et[A,’;] + /NanAl] -19(04,5)}

8The SDF as the growth rate of pricing kernel is unique if the market is complete.
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where Y(ay) = p(ay)/[l — ®(ay)] is the inverse Mills ratio?, and «; = (c* —
E[A;])/+/var[A;]. Since EA;,,|A7,, > ¢] is not directly observable, we need to
estimate it using an endogenous threshold approach (see also Espinoza and Segoviano,
2011). They show that one can obtain a coherent measure of PD from the historical
data if ¢* is chosen such that the definition of the stress scenario is in line with the finally
estimated PD, and prove that the analytical solution is unique!’. The assumption of
risk-free domestic (U.S.) sovereign bond implies that A; and A} are independent. Then,

Equation (2.12) can be modified as:

E? [W“tﬂ

A
Aiﬂ < C} R Yy {(Tf —Ty) — E?[A3t+1|]t+1 = 1]+ (th - 77;;@
t+1

Affl < c) }
At—l—l

(2.14)

This framework allows us to decompose the payoffs of currency carry trades in
financial turbulence and estimate the effects separately. The last term 7} — 72 in
the bracket of Equation (2.14) measures the sovereign credit premia — the key to
understand why UIP holds during the financial distress — it is largely negative since the
insurance cost inevitably increases as a result of a higher compensation for risk required
by the investors!!. This framework is also concordant with currency denomination story

of sovereign debts — an important issue to understand currency premia from the aspect

of sovereign credit risk.

A country with high sovereign default risk displays a high propensity to issue debts
denominated in foreign (less risky) currencies to make its debts more appealing to
investors, and offers a high interest rate to attract foreign savings for funding its
external deficit. Typically, when a country’s external debts are denominated in foreign
currencies, any initial depreciation of domestic currency as a consequence of e.g. a
permanent negative demand shock will impose a destabilizing effect on the its net
foreign asset positions via valuation channel, i.e. an increased burden of external

obligations. The exchange rate will be forced to depreciate even greater or overshoot

9p(a) is the standard normal probability distribution function, and ®(«y) is the corresponding

cumulative distribution function.
OWe set ¢* = E[A}] +®1(1 — #T) - /var[A]], and solve the nonlinear Equation (2.13) for ;.
HSee Espinoza and Segoviano (2011) for the analysis of the U.S. banking sector.
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its long run equilibrium value to restore the external balance via the trade channel.
The capital flight triggered by the weakened external imbalance will further result in
a speculative attack and a crash on the debtor’s currency. Given that the external
liabilities of a creditor country are primarily denominated in domestic (safe) currency,
even if it encounters with a negative global demand shock, any initial depreciation of the
creditor’s currency will bring a stabilizing effect via both valuation and trade channel.
So during an economic recession (high volatility regime) the low sovereign default risk
and low interest-rate currencies tend to appreciate against the high sovereign default
risk currencies which offer high interest-rates for servicing its external liabilities. In
contrast, during the expansion phase of the business cycle (low volatility regime),
optimistic prospects in the future economy makes investors less risk-averse and more
willing to take upon large positions of risky assets of the debtor country, including the
high yield and high default risk sovereign debts. Appreciation pressures on the debtor’s
risky currency made by this behavior alleviates its debt burden but deteriorates the
trade balance, which, in turn, increases sovereign credit risk. The relief in debt burden
and the global demand of risky assets drive the debtor country to finance it external
deficit via the issuances of more sovereign debts, rather than to depreciate its currency
(destabilization). The liquidity keeps injecting into the debtor country to support
its debt financing, creating the “global liquidity imbalances” among the economies.
However, when the liquidity dries up due to the funding liquidity constraint of financial
intermediaries associated with international capital flows (Gabaix and Maggiori, 2015),
and the pledgeable claims of debtor countries may not meet the short-run rollover needs
of the maturing debts, then the liquidity will be withdrawn and the capital flow will
reverse. The liquidity spiral brings about the crash of the debtor’s currency. As for the
creditor country, the heavier burden of the sovereign debts it is servicing brought by
the depreciation pressure on its currency can be compensated by the amelioration
of the trade balance and the decline in sovereign credit risk (stabilization). The
retreat of liquidity back to the creditor country will give rise to the appreciation of
its currency. This is implied by the Gamma model of (Gabaix and Maggiori, 2015),
and also concordant with Clarida, Davis, and Pedersen’s (2009) findings that UIP holds
when volatility is in the top quartile (the periods of financial distress) and that yield
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curve premia comove with the currency risk premia. Following this economic logic, we
expect a strong relationship between the currency risk premia and the sovereign credit

risk.

2.4 Data, Portfolio Sorting and Risk Factors

Our data set, obtained from Bloomberg and Datastream, consists 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 but-
terflies of 35 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), KRW (South Korea), CNY
(China), 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); and
corresponding countries’ equity indices (MSCI) and government bond total return

indices (Bank of American Merrill Lynch and J.P. Morgan TRI)'? in USD.

Our sample period is restricted by the availability of sovereign CDS historical data,
which only dates back to 2001 and begins with a limited coverage of countries. The
unragged data for our sample countries starts from 2004, according to the database
of Markit'® and CMA Datavision'*. To ensure consistency of time frame across
assets, the sample period is chosen from September 2005 to January 2013 in a daily

frequency. Furthermore, there is no existing sovereign CDS for EMU as the whole, thus

2There are 26 countries’ data available: EMU, Great Britain, Australia, New Zealand, Canada,
Switzerland, Norway, Sweden, Denmark, Russia, Turkey, Hungary, Czech Republic, Poland, Japan,
South Korea, Hong Kong, Taiwan, Singapore, China, India, Malaysia, Thailand, Indonesia, South
Africa, and Mexico. China and India are only available from July 2007.

BMarkit is also a leading global financial information services provider of independent data,
valuation and trading process across all asset classes, also with a specialization in CDS data.

11CMA Datavision is the world’s leading source of independent accurate OTC market pricing data
and technology provider, typically specializing in the sovereign CDS pricing.
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we calculate its proxy spread as the external-debt weighted sovereign CDS spreads
of EMU’s 13 main member countries, Germany, France, Italy, Spain, Netherland,
Belgium, Austria, Greece, Portugal, Ireland, Slovenia, and Luxembourg, which account

for over 99% of the EMU’s GDP on average in our sample period.

2.4.1 Portfolio Sorting

All currencies are sorted by forward premia from low to high, and allocated to five
portfolios, e.g. Portfolio 1 (Cy) consists of the short position of currencies with
the lowest 20% interest-rate differentials (lowest forward premia) while Portfolio 5
(Cs) is the long position of currencies with highest 20% interest-rate differentials
(highest forward premia). The portfolios are rebalanced at the end of each forward
contract according to the updated forward rate. The average monthly turnover ratio
of five portfolios is about 25%, thereby the transaction costs should be considered for
evaluating the profitability of carry trades. The log excess returns of a long position

wrf, at time ¢+1 is computed as:

L o« B A _ (B A
T =1 =T+ 8] — S = f — S (2.15)

where f, s is the log forward rate, and spot rate, respectively; Superscript B, A denotes
bid price, and ask price respectively. Similarly, for a short position the log excess

returns 7, at the time ¢+1:

xer = —ftA + stBle (2.16)

Currencies that largely deviate from CIP are removed from the sample for the
corresponding periods'®: IDR 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. And due to the managed floating exchange

157 AR from the end of July 1985 to the end of August 1985, MYR from the end of August 1998 to
the end of June 2005, TRY from the end of October 2000 to the end of November 2001, UAE (United
Arab Emirates) from the end of June 2006 to the end of November 2006. These currencies or periods
are not included in our data.
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rate regime of CNY, we also exclude it for the whole sample periods. Table 2.1 below

shows the descriptive statistics of currency carry portfolios.

Table 2.1 Descriptive Statistics of Currency Carry Portfolios

All Countries with Bid-Ask Spreads
Portfolios Co Ch Cy Cs Cy Cs Avg. H/L
Mean (%) -2.28 0.45 1.57 244 294 457 239 229
Median (%) -6.35 3.67 3.71 6.02 834 11.17 533 274
Std.Dev. (%) 7.40 7.41 856 9.31 10.61 10.71 8.69 7.86

Skewness 0.14 -0.16 -0.26 -0.56 -0.53 -0.51 -0.49 -0.17
Kurtosis 0.17 0.18 021 082 0.62 057 0.60 0.11
Sharpe Ratio -0.31 0.06 0.18 0.26 0.28 0.43 0.28 0.29
AC(1) 0.01 0.01 -0.09 0.05 0.15 0.14 0.07 0.14

This table reports descriptive statistics of the excess returns in USD of currency carry portfolios
sorted on 1-month forward premia. The 20% currencies with the lowest forward premia are allocated
to Portfolio C1, and the next 20% to Portfolio Cs, and so on to Portfolio C5 which contains the
highest 20% forward premia. Portfolio Cy is Portfolio C; in short position and others are in long
positions. The portfolios are rebalanced at the end of each former forward-rate agreement according
to the updated contract. ‘Avg.’, and ‘H/L’ denotes the average excess returns of five portfolios in
long positions, and difference in the excess returns between Portfolio C5 and Portfolio Cy respectively.
All excess returns are monthly and adjusted for transaction costs (bid-ask spreads) with the sample
period from September 2005 to January 2013 with daily availability. 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 coefficient of the monthly
excess returns in monthly frequency.

C1 is Cp is long position. The statistics of portfolio mean, median, and standard
deviation in excess returns all exhibit monotonically increasing patterns. We also see
a monotonically decreasing skewness from C to Cs, except that the skewness of Cy is
a little bit higher than that of C5, probably due to the time span limitation. We will
show in the empirical tests section that the position-unwinding risk matches with the
skewness of excess returns of each carry trade portfolios. The unconditional average
excess returns is 2.39% per annum from holding the equally-weighted foreign-currency
portfolio, reflecting the low but positive risk premium demanded by the U.S. investors
in holding foreign currencies. There is a sizeable spread of 2.29% per annum between
Cs and Cy over the sample period when currency carry trades have suffered a huge loss
in the September of 2008. The currency carry portfolios are adjusted for transaction
costs, which is quite high for some currencies (Burnside, Eichenbaum, and Rebelo,
2006). Monthly excess returns and factor prices are annualized via multiplication by 12,

the standard deviation is multiplied by /12, skewness is divided by /12, and kurtosis
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is divided by 12. All return data are in percentages unless specified. The Sharpe ratios
are not as high as usual because our data span the recent financial crunch period (See
Figure A.1 in Appendix .A.) for the cumulative excess returns of five currency carry
portfolios (long positions) in the sample period. The cumulative excess returns of carry
trades plummeted during the 2008 crisis but the positions recovered soon after a few

months, especially for the high interest-rate currencies.

2.4.2 Risk Factors

We also follow Lustig, Roussanov, and Verdelhan (2011) to construct the dollar risk
factor (GDR) and forward bias risk factor (HM Lpp):

5
1
GDR =~ ; PFLpp (2.17)
HMLpp = PFLpgs — PFLpg, (2.18)

GDR has a correlation of 0.99 with PC; and is almost uncorrelated with PCy
in our data. HM Lpp is 0.90 correlated with PC5, however, remains a considerable
correlation of 0.39 with PC;. Therefore, strictly speaking, it is not a pure slope factor!®.
However, its correlated part may offer valuable information about the contagious
country-specific risk that may spill over and contaminate the global economy. In
addition, we demonstrate the construction of other risk factors used in this chapter,
including the factors of sovereign credit risk, equity premium risk, currency crash risk,

volatility risk, and liquidity risk.

Sovereign Credit

Foreign investors require compensation for a sudden devaluation of the local currency
when a default on government bonds occurs. If sovereign credit risk explains the cross-

section of the excess return of currency carry trades, then high sovereign CDS-spread

16Gee Table A.3. in Appendix .A for principal component analysis of currency carry portfolios, and
Table A.4. in Appendix .A for the correlations between risk factors and principal components.
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currencies are expected to be associated with high interest rates and tend to appreciate
against low sovereign CDS-spread currencies that are expected to be accompanied with
low interest rates. The countries with weak solvency conditions have higher propensity
to issue sovereign debts denominated in foreign (safe) currencies. Currencies of debtor-
countries offer risk premia to compensate foreign creditors who are willing to finance
the domestic defaultable borrowings. We evaluate sovereign default risk by the payoff
of a strategy that invests in the highest % sovereign default risk currencies funded by
the lowest % sovereign default risk currencies as the size (market capitalization) factor

in Fama and French (1993).

Sovereign credit risk (HM Lgc) has a correlation of 0.71 with PCs, and is almost
orthogonal to PCy (with a correlation of —0.08) and it can therefore be regarded
with more accuracy as a slop factor. Since it is positively correlated with the slope
factor, the factor price of sovereign credit risk is expected to be positive. Ideally, high
interest-rate currencies should be positively exposed to sovereign credit risk while low
interest-rate currencies with negative exposures provide a hedge to it (see principal
component analysis of currency carry portfolios in Table A.3. in Appendix .A). We
also directly employ the AR(1) innovations in global (equally-weighted) sovereign CDS

spreads (GSI) as the slope factor to price the cross section of currency carry trades.

Equity Premium

Foreign investors require a compensation for the risk to hold the local-currency
denominated stock shares in a distressed market, which is usually accompanied with
low interest rate policy. Since there is a high possibility of persistent recession trap, the
risk of capital flight will lay considerable downside pressure upon the local currency.
To check if any compensation for this type of risk is implied in currency excess return
as well, it is necessary to examine the average excess return differences among the
portfolios that are doubly sorted on both sovereign CDS spreads and equity premia

over the U.S. market!”. Constrained by the availability of the currencies, we sort the

"De Santis and Gerard (1998) employ a conditional ICAPM with a parsimonious multivariate
GARCH process to unveil the currency risk implied in total equity premia. One can follow their
approach to ask the reverse question simply by conditioning the currency premia on the equity risk.
This would be our next task to decompose currency risk premia.
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currencies into 3 x 3 portfolios. Each dimension is partitioned into three portfolios,
containing the currencies with the sort base in ascending order, denoted by “L” for low
level, “M” for medium level, and “H” for high level of either sovereign CDS spreads or
equity premia. This approach matches the currency sorting on sovereign default risk

above.

Figure A.2. shows a very intriguing pattern that the equity premium risk (HM Lgp)
seems to be priced in currency excess returns. A U.S. investor is compensated in terms
of the appreciation of the local currency, not only for holding equities in a distressed
market but also for investing in a boom equity market, which might be rationalized as
a compensation for the crash risk of bubbles in an overheated economy. As a result,
we do not see any favourable monotonic pattern of excess returns in the equity premia
dimension. Clearly, on the other dimension, we observe a monotonic increase in excess

returns of the currency portfolios sorted by sovereign CDS spreads in ascending order.

Position-unwinding Risk and Currency Crashes

In the research of Andersen, Bollerslev, Diebold, and Labys (2001) and Menkhoff,
Sarno, Schmeling, and Schrimpf (2012a), volatility risk is measured with “realized”
feature that assumes a zero unconditional mean of daily returns. This assumption
embeds the martingale properties in daily return series. We follow this method to
construct two factors that is meant to measure the crash risk in the FX market. We

use the standard formulae for moment computations'®

over the period of T' (time-to-
maturity of the forward contract) for the daily returns As; . of individual currency
i at time t+7 as the proxies for the realized moments: realized volatility (6417),
realized (excess) skewness ($y7), and realized (excess) kurtosis (k7). We substitute
the annualized values'® 6,,,7 - VT, and fi;417 - T, in to Equation (2.6) for the
calculation of distance to “bankruptcy”, which is then the input of Equation (2.7). By
combining it with the adjusted values of & 4y r / VT, and Ritrr | Ty as the inputs?’ of

Tr 3 Tr 4
18~ _ 1 T, 2 A _ 1 X liAsic o — 1 2.l Bsi 8
GitT = \/ 70 2or it ASF 1y SitdT = 77 o3, o hReT =7 ol )

19V is the number of trading days in a year and then T = % in Equation (2.6).

20Time-aggregation scaling adjustments are necessary to match the statistical moment estimates
with the option pricing model over the forward contract maturity 7', based on the assumption of i.i.d.
returns.
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Figure 2.1 Position-Unwinding Risk (Skewness-&-Kurtosis Adjusted)
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This figure shows skewness-and-kurtosis adjusted position-unwinding likelihood indicator (PUW) of
the currency carry trades in comparison with Lustig, Roussanov, and Verdelhan’s (2011) dollar risk
(GDR) and forward bias risk (HM Lgp) from September 2005 to January 2013.

Equation (10), we get the position-unwinding likelihood indicator &iﬁT for individual
currency. Finally, we can compute the aggregate level of position-unwinding risk PUW
by Equation (2.8). As shown in Figure 2.1., position-unwinding likelihood indicator
is closely associated with dollar risk (with a high negative correlation of —0.92) and
with forward bias risk (with a correlation of —0.42). Therefore, we expect negative
exposures of currency carry portfolios to PUW and a negative factor price. Currencies
with higher position-unwinding likelihood will increase the risk premia of the portfolio

into which it is allocated.

There is a large literature that stresses the role of skewness in asset pricing
exercise. Kraus and Litzenberger (1976) show that investors are in favour of positive
return skewness under most preferences. As a result, it is rational to require more
compensation for assets with negative return skewness. Grounded in Merton’s (1973)
ICAPM where skewness is also viewed as state variable that characterize investment
opportunities, Conrad, Dittmar, and Ghysels (2013), and Chang, Christoffersen, and
Jacobs (2013) find strong evidence in the cross-sectional pricing power of skewness on
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excess returns in stock market. Now we apply their thoughts to the FX market.

Figure 2.2 Dollar Risk vs. Crash Risk
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This figure shows global skewness risk (GSQ) and global kurtosis risk (GKT') both as the proxy for
currency crash risk in the graph for easier comparison with Lustig, Roussanov, and Verdelhan’s (2011)
dollar risk (GDR) from September 2005 to January 2013.

As emphasized by Harvey and Siddique (2000), the skewness of the returns
distribution is also important for asset pricing, typically the crash risk for currency
carry trades (Jurek, 2007; Brunnermeier, Nagel, and Pedersen, 2009; Farhi, Fraiberger,
Gabaix, Ranciere, and Verdelhan, 2009; Chernov, Graveline, and Zviadadze, 2012),
we also construct two other moment factors to measure currency crash risk (besides
the position-unwinding likelihood indicator) simply taking the average of individual

currency’s skewness and the changes in kurtosis at aggregate level as in Equation (2.8).

Kiyr .
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where T, is the number of trading days available over the period of T from t. The
skewness does not need to be signed by the interest rate differentials or equivalently
by the forward premium, because skewness is already associated with the interest rate
differential (Brunnermeier, Nagel, and Pedersen, 2009). If crash risk explains carry
trade excess returns, the portfolios are expected to have negative exposures to the
global skewness factor and the factor price should be negative. The global kurtosis
factor is constructed to match the concept of crash risk. Positive excess kurtosis is
also called a Leptokurtic distribution (characterized by high peak and fat tail relative
to standard normal distribution) in which volatility is driven by a few extreme events,
and vice versa for Platykurtosis (negative excess kurtosis). Figure 2.2. above shows
the comovement of global skewness and kurtosis risk with dollar risk. PUW has a
high positive correlation with GSQ of 0.85. Since GS@Q directly measures the tail
risk associated with the underlying position, PUW possesses the consistent economic
intuition of crash risk. Because the position-unwinding risk is closely associated with
the skewness of the portfolio excess returns which is already shown highly related
to the interest rate differentials (see Brunnermeier, Nagel, and Pedersen, 2009), it
is straightforward to expect the portfolio with higher interest-rate currencies to have
higher exposure to PUW. GKT is regarded as the volatility of volatility, and hence

the complementary measure to volatility risk.

Volatility and Liquidity

We employ Menkhoff, Sarno, Schmeling, and Schrimpf’s (2012a) innovation of using
an AR(1) process (GVI) in the global FX volatility (GV L) as the proxy for volatility
risk in FX market, and compare it with the simple changes in Chicago Board Options
Exchange’s (CBOE) VIX index (AVIX) that is adopted e.g. by Ang, Hodrick, Xing,
and Zhang (2006).

1 1
GVLir =7 > (? > |Asi,7|> (2.21)

TeT T ieK,

where K, denotes the number of currencies available on day 7. We then exploit a
market microstructure approach that measures illiquidity risk in FX market as the
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global relative FX bid-ask spreads (GLR) (see also Menkhoff, Sarno, Schmeling, and
Schrimpf, 2012a), and compare it with the changes in T-Bill Eurodollar (TED) Spreads
Index (ATED)* as used by, for example, Brunnermeier, Nagel, and Pedersen (2009).

1 SzAT_SzBT
e > (S—M>] (2.22)

1€EK-

GLRur =73

TeT

where a superscript, M, denotes the mid price of spot rates. This measure is grounded
in Glosten and Milgrom’s (1985) theory which is the first to investigate the adverse
selection behavior in market transactions. They show that informational asymmetry
leads to positive bid-ask spreads. Amihud and Mendelson (1986) further set forth a
model that predicts the market observed expected returns as an increasing and concave
function of the bid-ask spreads, wherein expected holding periods play a vital role.
Amihud (2002) show that expected excess returns in equity markets represents an

illiquidity premium?2.

2.5 Linear Factor Model and Methodologies

In this section, we introduce the linear factor model for time-series and cross-sectional

analyses of the tested assets, and the econometric methodology to estimate the model.

2.5.1 Linear Factor Model

Here we briefly summarize the methodologies used for risk-based explanations of the
currency carry trades’ excess returns. The benchmark asset pricing Euler equation
with a stochastic discount factor (SDF) implies the excess returns must satisfy the

no-arbitrage condition (Cochrane, 2005):

1Originally, it is a 3-month index. Thus, it has to be divided by 1 to match the monthly excess
returns.

22The difference is that he measures illiquidity as the average daily ratio of absolute return to dollar
volume across stocks. But this measurement is not exploitable for the foreign exchange market since
it is a highly liquid market with massive daily trading volume. Instead, we adopt relative bid-ask
spread approach.
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Et[mt+1 : ZE?"j7t+1] =0 (223)

where ;-] is the expectation operator with the information available at time ¢. The
unconditional moment restrictions is given by applying the law of iterated expectations
to Equation (3.25):

Elmy - xrj,] =0 (2.24)

The SDF takes a linear form of:

my =€ [1— (af, —p)T 0] (2.25)

where ¢ is a scalar, zf; is a k x 1 vector of risk factors, p = E[zf;], and b is a conformable
vector of factor loadings. Since ¢ is not identified by Equation (2.25), we set it equal
to 1, implying E[m;| = 1. Rearranging Equation (3.26) with Equation (2.25) gives:

E[zr,] = cov]zr, - af, ] - b (2.26)
or
Elzr;:| = cov]zr;,, ofi] E;fl’xf Xafar b (2.27)
N -~ v T
Bj

where Xt .r = E[(zf; — p)(zfi — p) ]. Equation (2.27) is the beta representation of the
asset pricing model. f; is the vector of exposures of portfolio j to k risk factors, it
varies with the portfolios. A is a k x 1 vector of factor prices associated with the tested
risk factors, and all portfolios confront the same factor prices. The beta representation

of the expected excess returns by our two-factor linear model can be written as:

Elzr;.] = Bj,pow - Apuw + Bj.sc - Asc (2.28)

where the subscripts denote the corresponding risk factors. The higher position-
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unwinding risk (PUW), the higher expected excess returns of the currency carry
trades. Thereby, we expect negative betas (Spyw) and negative factor price (Apyw)
across all portfolios. The exposures to the sovereign credit risk (HM Lgc) vary across
the portfolios. Its factor price (Agc) should be positive, high expected excess-return
portfolios should have a positive beta (8s¢) while low expected excess-return portfolios

with a negative beta provide a hedge against sovereign credit risk.

2.5.2 Estimations

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) two-step OLS approach (Fama and MacBeth, 1973).

Generalized Method of Moments

In the first procedure, we estimate the parameters of the SDF — b and p using the

GMM and the moment restrictions in Equation (2.26) which can be rewritten as:

E{zr;-[1— (zfi — p)" b]} =0 (2.29)

The GMM estimators of p is set equal to a vector of the sample mean of risk factors,

xf. While b is given by:

b= (g Wiv Snag ) Sy Wi 77 (2.30)

where im,zf is the sample covariance matrix of xr; and zf;, Wy is a weighting matrix, xr
is the sample mean of excess returns. Then the estimates of factor prices A= f]xf@f l;,
where XA:xf’xf is the sample covariance matrix of xf;. Following Burnside (2011), we
include an additional set of corresponding moment restrictions on the factor mean

vector and factor covariance matrix:
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ory - [1 = (afy = p) " b]
9(¢r, 0) = xfy —p =0 (2.31)
(afe — p)(@fy — p) " — Sayar

where 6 is a parameter vector containing (b, p, X.f.f), ¢1 represents the data (zry, zf;).
By exploiting the moment restrictions E[g(¢;, 8)] = 0 defined by Equation (2.31), the
estimation uncertainty® is thus incorporated in the standard errors of )\, and this
method of point estimates is identical to that of Fama-MacBeth two-pass OLS approach
(see Burnside, 2011). The standard errors are computed based on Newey and West’s
(1987) VARHAC procedure with the data-driven approach of Andrews’s (1991) optimal
number of lags selection in a Bartlett kernel. In the first stage of GMM estimator,
Wy = I,,; In the subsequent stages of GMM estimator, Wy is chosen optimally. The
empirical results for the first stage GMM and the iterate-to-convergence GMM are

reported.

Fama-MacBeth Approach

Additionally, we report the empirical results from the second procedure, FMB
estimates. The first step is a time-series regression of each portfolio’s excess returns on

proposed risk factors to obtain corresponding risk exposures:

xrje = o5 + B puw PUW, + Bj sc HM Lscy + ujy (2.32)

where u;, is t.7.d. (0,0?’5). The second step is a cross-sectional regression of each
portfolio’s average excess returns on the estimated betas from the first step to acquire

the risk prices:

775 = Bj.puw - Apuw + Bi.sc - Asc (2.33)

Since PUW has a correlation of —0.24 with the slope factor, it may have a cross-

sectional relation with the currency carry portfolios with statistically significant factor

231t is due to the fact that factor mean vector and covariance matrix have to be estimated.
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price?*. It also seems to serve as a constant that allows for a common mispricing
term as it is highly correlated (—0.75) with the level factor®®. Therefore, we do not
include a constant in the second step of FMB. The estimates of the risk prices from
FMB is numerically identical to those from GMM. The standard errors adjusted for
measurement errors by Shanken’s (1992) approach are also reported besides Newey and

West (1987) HAC standard errors with automatic lag length selection (Andrews, 1991).

The predicted expected excess returns by the model is thereby ixmf I;, and the
pricing errors are the model residuals @« = zr — ixr’mf b. Then a statistic for over-
identifying restrictions, N @' V', can be constructed to test the null hypothesis
that all pricing errors across portfolios are jointly zero, where N is the sample size, Vi
is a consistent estimate of asymptotic covariance matrix of v/N 4 and its inverse form
is generalized. The test statistic is asymptotic distributed as y? with n — k degrees of
freedom. We report its p—values based on both Shanken (1992) adjustment and Newey
and West (1987) approach for 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® for the GMM procedure. The cross-sectional R* and
Mean Absolute Pricing Errors (MAPE) are also reported. When factors are correlated,
we should look into the null hypothesis test b; = 0 rather than A\; = 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).

24We find the position-unwinding likelihood indicator alone captures over about 55% of the cross-
sectional variation of currency carry trade portfolios with statistically significant factor price.

25See also Burnside (2011); Lustig, Roussanov, and Verdelhan (2011) on the issue of whether or not
to include a constant.

26Hansen-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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2.6 Empirical Results

In this section, we show and discuss the empirical results from the asset pricing tests.
The factor prices are all annualized. By using a different slope factor rather than
the forward bias risk constructed directly from the currency carry portfolios with a
persistent monotonic excess returns pattern, we no longer need to restrict the intercept
betas that 8,1 = (45, and the slope betas that 8.5 — f.1 = 1. As a result, we are
able to observe better estimates on global risk exposures of the lowest and highest
interest-rate currencies portfolios. The following paragraphs will reveal that the higher
interest-rate currencies are exposed to higher systematic risk, which is not detectable

when imposed with above two restrictions.

2.6.1 Sovereign Default as the Dominant Fundamental Risk

The top panel of Table 2.2 shows the asset pricing results with GDR and HM Lgc. The
high interest-rate currencies are positively exposed to sovereign credit risk and the low
interest-rate currencies offer a hedge against it. The risk exposures are monotonically
increasing with the interest rate differentials. The cross-sectional R? is very high, about
0.933%7. The coefficients of 3, b and X are all statistically significant. The statistically
significant price of sovereign credit risk is 3.287% per annum, and the Mean Absolute
Pricing Error (MAPE) is about 30 basis points (bps), which is very low. The p—wvalues
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 to accept the model.
By using alternative slope factor to relax the constraints on (s of the lowest and
highest interest-rate currencies portfolios, we are able to detect increasing exposures to
global risk. Since interest rate differentials covary with the skewness of portfolio excess

returns, global risk essentially represent a crash risk, which can be confirmed by our

other two risk factors PUW and GSQ.

Table 2.3 above shows the the asset pricing results with GDR and HM Lp¢, which
is the principal component of HM Lsc and HM Lpg. So HM Lpc can be deemed

27So do the time-series R?s that are persistently over 0.90 across portfolios.
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Table 2.2 Asset Pricing of Currency Carry Portfolios: HM Lsc vs. HM Lgp

All Countries with Transaction Costs

Factor Exposures Factor Prices
BeDR Bsc bepr bsc AGDR Asc R?*  p—wvalue MAPE
C: 0726 -0.324 X2
(0.050) (0.051) | FMB 2.395  3.287 0.933 0.302
Cy 0900 -0.187 (2.196) (1.413) (0.893)
(0.073)  (0.063) [2.174]  [1.270] [0.901]
C; 1.022 -0.153
(0.039)  (0.031) HJ — dist
Cy 1.192 0.189 | GMM, 0.327 0.833 2.395 3.287  0.933 0.819 0.302
(0.041)  (0.053) (0.200) (0.385) (1.787) (1.568)
Cs 1.160 0.474 | GMM, 0.311 0.695 2.340 2.717  0.915 0.359
(0.076)  (0.054) (0.206) (0.258) (1.811) (1.055)
BeDpR Bas bepR bep AeDrR  AgB R? p—wvalue MAPE
C; 0997 -0.186 X2
(0.059) (0.030) | FMB 2.38  9.544  0.952 0.268
C, 1110 -0.147 (2.196) (3.829) (0.940)
(0.054)  (0.026) [2.174]  [3.507] [0.940]
Cs  1.057 -0.019
(0.048)  (0.028) HJ — dist
Cy 1.047 0.098 | GMM; -0.279 0.408 2.386 9.544  0.952 0.849 0.268
(0.047)  (0.023) (0.384) (0.227) (1.633) (3.750)
Cs 0.788 0.253 | GM M, -0.224 0.388 2.633 9.563  0.920 0.288
(0.038)  (0.024) (0.425) (0.208) (2.159) (3.345)

This table reports time-series factor exposures (/3), and cross-sectional factor loadings (b) and factor
prices (\) 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 sovereign credit risk (HM Lgc) implied in
currencies and the LFM in the bottom panel adopts alternative measure of sovereign credit risk via
government bonds total return indices (HM Lgp). 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
(FM B) without a constant in the second-stage regressions (Fama and MacBeth, 1973), and by fist-
stage (GMM,) and iterated (GMM>) 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 Pricing Error (M APE) are
also reported.
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Table 2.3 Asset Pricing of Currency Carry Portfolios: GDR + HM Lpc

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bapr  Bro bepr bpc AGDR  Apc R*  p—value MAPE
C: 0872 -0.283 X2
(0.038) (0.024) | FMB 2.388 5.695  0.968 0.193
Cy 0942 -0.122 (2.191) (2.545) (0.960)
(0.065) (0.029) [2.174]  [2.476] [0.963]
Cs 1.048  -0.069
(0.045) (0.019) HJ — dist
Cy 1154 0.104 | GMM; 0.182 0.364 2.388 5.695  0.968 0.895 0.193
(0.038) (0.024) (0.202) (0.179) (1.728) (2.607)
Cs 1.049 0.335 | GMM>, 0.181 0.355 2.351 5.549  0.967 0.210
(0.039) (0.022) (0.213) (0.152) (1.852) (2.303)

This table reports time-series factor exposures (3), 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, the first principal component (HM Lpc) of sovereign
credit risk (HM Lg¢) and Lustig, Roussanov, and Verdelhan’s (2011) forward bias risk (HM Lrp) as
the slope (country-specific) factor. 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 (FM 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? 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 B2, 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 Pricing Error (M APE) are also reported.

as the sovereign credit risk implied in the forward bias risk. The empirical results
are very similar to those obtained from using the direct sovereign credit risk measure,
with a little higher factor price of 5.695% per annum and an even higher R? of 0.968.
This might mean that there is informational “noise” captured by H M Lgc that is not
valuable for explaining currency carry trade excess returns. However, we will verify
that this noisy component is not useless in the next test. The model is also confirmed

correct by x? and HJ — dist tests, with a MAPE of about 19 bps.

Both orthogonal components (to HM Lp¢) of forward bias and sovereign credit risk
factors, HM Lrp, and HM Lgc,, do not capture additional cross-sectional variations
of currency carry trades. These findings confirm that sovereign credit risk is a good
substitutive slope factor. In fact it is even better than the forward bias risk because
it not only relaxes the estimation restrictions, but also offers a traceable source of risk

against which we are able to hedge.
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2.6.2 Alternative Measures of Sovereign Credit Risk

We also resort to government bonds for an alternative measure of sovereign credit risk
by sorting government bond total return indices into five portfolios based on their
respect redemption yields. By doing this, we not only form the government bond
portfolios for robustness test later, but also evaluate the sovereign credit risk from the
excess returns of a total-return-index investment strategy that holds long positions in

the highest 20% sovereign default risk government bonds funded by the lowest 20%

sovereign default risk government bonds?® (HM Lgp).

Figure 2.3 Forward Bias Risk vs. Sovereign Credit Risk
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This figure shows sovereign credit risk (HM Lge implied by currencies, and HM Lgp implied by
government bonds) in comparison with Lustig, Roussanov, and Verdelhan’s (2011) forward bias risk
(HM Lpg) from September 2005 to January 2013.

In Figure 2.3. as shown below, we can see the inextricably tied-up fluctuations of
the three factors, HM Lrg, HM Lsc, and HM L¢gg, implying that forward premia, to
some degree, represent the sovereign credit risk, which could be the dominant source of

country-specific fundamental risk priced in cross section of currency carry trade excess

28Please refer to Table A.1. for descriptive statistics of government bond portfolios.
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returns®. The correlation between HM Lge and HM Lgp is 0.96, which mutually
manifests that our measures are valid for evaluating sovereign credit risk and the
short-term exchange rates move in the directions to compensate for sovereign credit
risk. This means that when holding high default risk sovereign debts denominated
in local currencies, the investors still confront a high probability of large currency
devaluations that may not yet be compensated enough by the bond yields. However,
it seems that in the short run the demand for the government bond holders to hedge
currency devaluation risk would be small because, according to our empirical results,

the currencies of high sovereign default risk tend to appreciate in short run.

The bottom panel of Table 2.2 shows the asset pricing results with GDR and
HM Lgg. Again, we can see monotonic exposures of the currency carry portfolios to
HMVLgg. Our alternative measure of sovereign credit risk from government bonds
total return indices has slightly higher cross-sectional pricing power (an R? of 0.952).
Again, the coefficients of 5, b and A are all statistically significant. The price for
sovereign credit risk implied in government bond is much higher, 9.544% per annum,
owing to greater variation in the factor as the compensation for liquidity risk; and
the Mean Absolute Pricing Error (MAPE) is still low, about 27 bps. The p — values
of x? tests and the HJ — dist all suggest to accept the model. These results add
additional credibility on the measure of sovereign credit risk and its cross-sectional
pricing power. The success of the pricing power of sovereign credit premia measured
by government bonds is consistent with the findings by Ludvigson and Ng (2009) that
investors must be compensated for the countercyclical sovereign credit premia, which is
strongly associated with macroeconomic activity. In this economic sense, our findings

to some extent testify that the disconnect puzzle of currency risk premia may not exist.

Figure 2.4. shows the aggregate level of sovereign CDS spreads across over 30
countries and its innovations of AR(1) process. There are pronounced upswings at the
outbreaks of the Subprime Mortgage Crisis and Sovereign Debt Crisis in Europe, during
which currency carry trade position began to unwind. Table 2.4 further confirms that

the global sovereign credit risk proxy GS1I is able to price about 0.786 of the cross-

29In time-series analysis, both HMLgc and HMLgp cannot outperform HMLpp in pricing
the currency carry portfolios since the forward bias risk is directly constructed from the portfolios
themselves. And these portfolios already shows a persistently monotonic pattern in excess returns.
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Figure 2.4 Global Sovereign CDS Spreads: Aggregate Level & Shocks
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This figure shows global sovereign CDS spreads at aggregate level of the whole sample countries
with equal weights (GSR), and the innovations of its AR(1) process without a constant (GSI) from
September 2005 to January 2013.

sectional variation of the currency carry trade portfolios with statistically significant

factor price (—0.943 per annum) while passing the pricing-error and HJ — dist tests.

Since our two-factor models with alternative measures of sovereign default risk
explain a large proportion of the cross-sectional variance of currency carry trade excess
returns, it is reasonable to believe that one solution towards forward premium puzzle
is sovereign credit premia, even in short run. Because sovereign credit premia not only
reflect a country’s medium to long run risk, but also indicate the short-run rollover
risk of maturing sovereign debt, which would particularly be exacerbated during the
market liquidity deterioration (Acharya, Gale, and Yorulmazer, 2011; He and Xiong,
2012).
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Table 2.4 Asset Pricing of Currency Carry Portfolios: GDR + GSI

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bapr  Basi bepr  bgsr  AGDR  Agsi R*  p—value MAPE
C: 0875  0.925 X2
(0.047) (0.261) | FMB 2.420  -0.943 0.786 0.616
Cy 1.145 1.994 (2.209) (0.444) (0.758)
(0.056) (0.365) [2.174]  [0.446] [0.766]
Cs 0978  -0.472
(0.047) (0.288) HJ — dist
Ccy 1077  -0.8714 | GMM; -0.463 -6.320 2420 -0.943 0.786 0.576 0.616
(0.051) (0.325) (0.440) (3.067) (1.601) (0.425)
Cs 0944  -1.573 | GM M, -0.109 -3.481 2.643 -0.672 0.692 0.655
(0.051) (0.375) (0.136) (1.357) (1.846) (0.286)

This table reports time-series factor exposures (3), 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, the innovations of the AR(1) process of the global
(weighted-average) sovereign CDS spreads (GSI) as the slope (country-specific) factor. 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 (FM 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? 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 Pricing
Error (M APE) are also reported.

2.6.3 Forward Position-unwinding Premia

To show that the position-unwinding likelihood indicator is a good measure of global
(crash) risk, we run time-series and cross-sectional regressions of currency carry
portfolios on PUW and HM Lgc as our benchmark model. As shown in Table 2.5
below, the lower (negative) skewness (crash risk) of the excess return distribution
(see Table 2.1), the higher position-unwinding risk of the corresponding carry trade
position, in terms of lower negative factor exposures. Brunnermeier, Nagel, and
Pedersen (2009) find a strong correlation between the interest rate differential and
the crash risk measured by skewness of individual currency, which is further conformed
by the carry trade portfolios conducted in asset pricing literature, such as Lustig,
Roussanov, and Verdelhan (2011), Menkhoff, Sarno, Schmeling, and Schrimpf (2012a).

Our data also exhibits very similar but not exact results, possibly owing to the fact
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that the time span of our data is not long enough. Nevertheless, we may still reach a
quite robust conclusion that the higher interest-rate currencies are exposed to higher
position-unwinding risk when allocated into the carry trade portfolios, as the correlation
between interest rate differentials and the skewness of the excess returns’ distribution
is well established. We will show that this conclusion is also robust to using the global
skewness factor (GSQ) as the proxy for crash risk (in the horse race section), and the

PUW/; 4 that is unadjusted for skewness and kurtosis.

Table 2.5 Asset Pricing of Currency Carry Portfolios: PUW + HM Lgc

All Countries with Transaction Costs
Factor Prices

Factor Exposures

Bruw Bsc bpuw bsc Apuw Asc R?  p—wvalue MAPE
(& -0.091 -0.591 X2
(0.012) (0.114) | FMB 27.260  3.334  0.912 0.325
Cy -0.125  -0.538 (12.671)  (1.049) (0.866)
(0.013)  (0.085) [12.874]  [1.080] [0.875]
Cs -0.139 -0.548
(0.019)  (0.117) HJ — dist
Cy -0.167 -0.279 | GM M, -0.069 0.677 -27.269 3.334  0.912 0.764 0.325
(0.021)  (0.133) (0.033) (0.385) (13.393) (1.674)
Cs -0.148 0.042 GM M, -0.058 0.559 -22.849 2.762 0.812 0.429
(0.023)  (0.135) (0.029) (0.227) (10.969) (1.050)
Bruwys  Bsc bpuwys  bsc  Apuwya  Asc R*  p—value MAPE
4 -0.090 -0.591 x°
(0.012) (0.114) FMB -27.420 3.331 0.913 0.325
Cy  -0.124  -0.538 (12.802)  (1.049) (0.866)
(0.013)  (0.085) [12.005]  [1.080] [0.875]
Cs -0.138 -0.548
(0.019)  (0.117) HJ — dist
Cy -0.166 -0.279 | GMM; -0.068 0.676 -27.420 3.331  0.913 0.764 0.325
(0.021)  (0.133) (0.033)  (0.386) (13.910) (1.588)
Cs -0.148 0.042 | GMMsy  -0.057 0.559 -22.975 2.760 0.812 0.429
(0.023)  (0.135) (0.028)  (0.228) (11.063) (1.050)

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 sovereign credit
risk (HM Lgc) as the slope (country-specific) factor but differ in intercept (global) factor. The LFM
in the top panel employs skewness-and-kurtosis adjusted position-unwinding risk (PUW) and the
LFM in the bottom panel adopts unadjusted position-unwinding risk (PUWy4). 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 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 Pricing
Error (M APE) are also reported.
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In both cases, the coefficients of 3, b and \ are all statistically significant. The
prices for position-unwinding risk are consistently negative as expected, —27.269% per
annum for PUW and —27.420% per annum for PUWy 4, respectively. The R?s are
0.912 and the MAEs are also approximately the same, about 32 bps. The p — values
of x? tests and the H.J — dist all suggest acceptance of the model. These empirical
results add additional credibility to the measure of position-unwinding risk and its

cross-sectional pricing power.

PUW, = 0.451 4+ 0.017 - GS], R?: 28%
(0.014) (0.005) (2.34)

We test whether or not sovereign default risk drives the position-unwinding risk of
currency carry trade as implied by our framework in Section 2.3. We find that GST
explains the largest proportion of PUW among all candidate risk factors (see Equation

(2.34)) and the parameter is statistically significant.

2.6.4 Factor-mimicking Portfolios

To better scrutinize the factor price of the global sovereign credit risk (innovations)
and position-unwinding risk in a natural way, it is necessary to convert it into a return
series by following Breeden, Gibbons, and Litzenberger (1989), Ang, Hodrick, Xing,
and Zhang (2006) to build a factor-mimicking portfolio of position-unwinding likelihood
indicator. If this factor is a traded asset, its risk price should equal to the mean return

of the traded portfolio for satisfying the no-arbitrage condition.

We regress the risk factor xf, (GSI and PUW respectively) on the vector of

excess returns of five carry trade portfolios zr; to obtain the factor-mimicking portfolio

ITFMP-

SCft =+ /B/ Ty + U (235)
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Table 2.6 Asset Pricing of Currency Carry Portfolios: GSIpyp & PUWenp

All Countries with Transaction Costs

Factor Exposures

Factor Prices

Babr BGSIpap bapr bGsipyp AGDR AGSipyr R p—value MAPE
C1 1.073 2.829 %
(0.082)  (0.580) | FMB 2.416 0504 0.821 0.558
Cy  1.583 5.856 (2.182)  (0.224) (0.806)
(0.029)  (0.183) 2.174]  [0.222] [0.784]
Cs 0.924 -0.946
(0.087)  (0.538) HJ — dist
Cy 0.895 -2.474 GM M, -0.520 -6.907 2.416 -0.504 0.821 0.764 0.558
(0.076)  (0.531) (0.605)  (4.594)  (L.711)  (0.212)
Cs 0.524 -5.265 GM Ms -0.188 -4.150 2.572 -0.431 0.748 0.565
(0.070)  (0.574) (0.580)  (3.964)  (1.845)  (0.188)
BPuWenp  Bsc bruwpnp  bsc  APUWpyp  Asc R®  p—value MAPE
4 -0.123 -0.504 x°
(0.010)  (0.082) | FMB 16361 2996 0.913 0.325
Cy  -0.175  -0.423 (7.542)  (0.987) (0.868)
(0.016)  (0.073) [8.162]  [1.061] [0.874]
Cs -0.197 -0.419
(0.011)  (0.064) HJ — dist
Cy -0.245 -0.130 GM M, -0.068 0.676 -16.361 2.996 0.913 0.787 0.325
(0.005)  (0.039) (0.032)  (0.338)  (8.484)  (1.416)
Cs -0.224 0.171 GM Mo -0.057 0.555 -13.530 2.463 0.796 0.444
(0.015)  (0.090) (0.028)  (0.235)  (7.393)  (1.008)

This table reports time-series factor exposures (), and cross-sectional factor loadings (b) and factor prices (A) for examining the arbitrage-free attribute
of non-return risk factors, innovations in global sovereign CDS spreads (GSI) and position-unwinding likelihood indicator (PUW). The LFM in the top
panel GDR + GSI and the LFM in the bottom panel PUW + HM Lgc. 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 (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 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 Pricing
Error (M APE) are also reported.
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where v;; is i.i.d. (O,UJ%U). Then the factor-mimicking portfolio xrppypr = B’ xry 1s

given by:

argsry = —0.02 - 2ryy +0.10 - 2rgy — 0.06 - 273y — 0.06 - z74y — 0.05 - 75,

xrﬁ%{it =222 ar1; —1.33-2r94 —0.29- 213, — 3.75 - 2144 — 0.30 - 2754

As expected, the factor-mimicking portfolio of innovations in global sovereign credit
risk (GSIppp) is —0.62 correlated with forward bias factor, that of position-unwinding
risk (PUWgpp) is —0.93 correlated with dollar risk factor. It is natural to expect this
high correlation since they play a role of slope, and level factor, respectively. The

estimated annualized factor price of the global sovereign CDS spreads (innovations)

NEMP = —0.504% per annum, which is very close to the average annual excess return
of the factor-mimicking portfolio ZF5AY = —0.512% per annum. That of position-
unwinding risk AL} = —16.361% per annum, and there is a monthly nuance to
TrEMl = —16.162% per annum. These results confirm that the risk price of our factors,

GSI and PUW, are arbitrage-free and has economically meaningful implications for
dynamic hedging against currency sovereign credit and crash risk, especially we will
show that by analyzing the threshold level of PUW we’re able to predict the position-

unwinding behavior of the market before any finance turmoil occurs.

2.6.5 Horse Races

We run two horse races of the sovereign credit risk, one with volatility risk measures, i.e.
global FX volatility (innovation) risk factor (GV'I) by Menkhoff, Sarno, Schmeling, and
Schrimpf (2012a), and simple changes in Chicago Board Options Exchange’s (CBOE)
VIX index (AVIX); another one with illiquidity risk measures, i.e. global FX bid-
ask spreads (GLR), and changes in T-Bill Eurodollar (TED) Spreads Index (ATED).
Our empirical results corroborate Bandi, Moise, and Russell’s (2008) evidence that
stock market volatility drives out liquidity in cross-sectional asset pricing exercises, FX

market shares this similarity.
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Table 2.7 Asset Pricing of Currency Carry Portfolios: GDR + HM Lsc + AVIX

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bepr  Bsc  Bavix bepr  bsc  bavix Aepr  Asc  Aavix R*  p—walue MAPE
Ccy 077 -0.29 0.03 %
(0.05) (0.05) (0.02) | FMB 2.39 2.46  -11.88 0.95 0.30
C, 1.00 -0.11 0.07 (1.60) (1.12) (12.36) (0.78)
(0.07) (0.07) (0.02) [1.59] [1.10] [12.24] [0.80]
Cs 1.00 -0.17  -0.02
(0.04) (0.05) (0.02) HJ —dist
Cy 118 0.18 -0.01 | GMM; 0.03 0.41 -0.20 2.39 246  -11.88 0.95 0.593 0.30
(0.05) (0.05) (0.01) (0.82) (0.89) (0.50) (1.68) (1.13) (12.41)
Cs 1.06 0.39 -0.08 | GMM> -0.01 0.28 -0.23 2.44 2.03 -12.29 0.94 0.30
(0.06) (0.06) (0.03) (0.85) (0.98) (0.53) (1.65) (1.11) (12.95)

This table reports time-series factor exposures (8), and cross-sectional factor loadings (b) and factor prices (\) for the linear factor model (LFM) based on
Lustig, Roussanov, and Verdelhan’s (2011) dollar risk (GDR) as the intercept (global) factor, sovereign credit risk (HM Ls¢) and s simple changes in Chicago
Board Options Exchanges (CBOE) VIX index (AVIX) 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 (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 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 y? 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 Pricing Error (M APFE) are also reported.
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Table 2.9 Asset Pricing of Currency Carry Portfolios: GDR + GSI + GV'I

All Countries with Transaction Costs

Factor Exposures

Factor Prices

Ch
Co
C3
Cy

Cs

Bepr  Basr  Bavi
0.89 0.32 4.06
(0.06) (0.38) (1.36)
1.14 2.01 -0.14
(0.06) (0.47) (1.26)
0.99 -0.74 1.76
(0.05) (0.40) (1.24)
1.07 -0.84  -0.22
(0.05) (0.40) (1.23)
0.89 -0.75  -5.46
(0.06) (0.82) (2.01)

FMB

GM M,

GM M,

bepr  bast  bavi  Aepr  Agst Aavi  R? p—wvalue MAPE
2
X
2.39 -0.61 -0.35  0.99 0.11
(2.20) (0.30) (0.18) (0.94)
217 [0.29] [0.16] [0.93]
HJ — dist
-0.43 2.18 -35.97 2.39 -0.61 -0.32  0.99 0.51 0.11
(047) (3.18) (12.33) (1.69) (0.33) (0.12)
-0.49 2.39 -38.34 2.16 -0.60 -0.36  0.96 0.23
(0.59) (2.85) (14.73) (1.88) (0.26) (0.13)

This table reports time-series factor exposures (8), and cross-sectional factor loadings (b) and factor prices (\) for the linear factor model (LFM) based on
Lustig, Roussanov, and Verdelhan’s (2011) dollar risk (GDR) as the intercept (global) factor, innovations in global sovereign CDS spreads (GSI) and global
FX volatility (innovation) risk (GVT) 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 (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 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 Pricing

Error (M APE) are also reported.
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Table 2.11 Asset Pricing of Currency Carry Portfolios: GDR + HM Lgc + ATED

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bapr  Bsc  BATED bepr  bsc  barep Aepr  Asc  Aarep R?)  p—walue MAPE
Ccy 073 -0.33 -0.03 %
(0.05) (0.05) (0.23) | FMB 2.40 3.23 -0.33  0.93 0.30
Cy 090 -0.18 0.13 (2.19) (1.65) (3.34) (0.74)
(0.08) (0.07) (0.14) [2.17)  [1.54]  [3.30] [0.75]
Cs 1.03 -0.14 0.21
(0.04) (0.02) (0.18) HJ — dist
Cy 1.19 0.19 0.08 GMM,;, 0.32 0.80 -0.46 2.40 3.23 -0.33  0.93 0.38 0.30
(0.04) (0.05) (0.17) (0.35) (1.26) (11.44) (1.78) (1.19) (2.91)
Cs 1.15 0.46 -0.38 | GMM, 0.32 0.73 0.40 2.34 2.78 -0.08  0.92 0.36
(0.07) (0.05) (0.30) (0.35) (1.22) (11.74) (1.82) (1.17) (3.01)

This table reports time-series factor exposures (f), and cross-sectional factor loadings (b) and factor prices (\) for the linear factor model (LFM) based
on Lustig, Roussanov, and Verdelhan’s (2011) dollar risk (GDR) as the intercept (global) factor, sovereign credit risk (HM Lgc) and changes in T-Bill
Eurodollar (TED) Spreads Index (AT ED) 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 (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 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 Pricing Error (M APE) are also reported.
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In the horse races, AV IX cannot dominate H M Lgc and the cross-sectional pricing
power does not improve much (see Table 2.7). As shown in Table 2.8, when racing with
GV I, the estimates of b and A\ with respect to HM Lgc become statistically insignificant
in pricing the cross section of currency excess returns, although both factor exposures
exhibit monotonic and statistically significant patterns in time-series regressions. This
is caused by multicollinearity problem that GV I dominates HM Lgc in cross-sectional
regression. The rationale behind this suggests that there must be some other ingredients
containing valuable information about the cross section of currency excess returns that
drives the cross-sectional volatility in the FX market, but sovereign credit risk already
constitutes a major part of the innovations in global FX volatility because HM Lg¢e
and HM Lgp as the proxy for sovereign default risk both possess very close cross-
sectional pricing power to GV I. When comparing GV I with the direct measure of
sovereign credit risk using the innovations in global sovereign CDS spreads GSI, we
find neither of them can dominate in both cross-sectional and time-series dimensions,
and both factor prices are statistically significant (see Table 2.9). Thereby, we take a
further step to employ both linear and nonlinear Granger causality tests to show that

sovereign default risk leads to innovations in global FX volatility.

G LR performs badly in terms of statistically insignificant parameter estimates when
racing with HM Lgc (see Table 2.10). While Table 2.11 shows that HM Lgc also
dominates AT ED in both time-series and cross-sectional regressions. Unlike HM Lgc,
ATED loses its monotonic risk exposure pattern and its estimates of b and A\ become
very statistically insignificant. Again, this is not surprising because ATED is also an
indicator of credit risk in the general economy while HM Lgc is constructed directly
from the currency excess returns, admittedly, it should be more specialized in gauging
(sovereign) credit risk in currency market. Given the fact that credit risk and liquidity
risk are always the twins that interact dynamically in the global economy, credit risk
is usually the trigger of liquidity risk, and liquidity risk sequentially amplifies credit
risk. So we should expect that HM Lgc overwhelms AT ED in terms of cross-sectional

pricing information.

To summarize, global FX volatility risk cannot dominate sovereign default risk

in pricing the cross section of currency carry portfolios. Sovereign default risk is the
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dominant country-specific fundamental risk in terms of persistent monotonic time-series
factor exposures and very high cross-sectional pricing power. Follow the economic
intuition, sovereign credit conditions should be the driver of volatility and illquidity
risk in FX market and the reverse may not necessarily be true. These will be testified

by both linear and nonlinear Granger causality later in this chapter.

2.7 Robustness

We stick to conditional risk premia, since it is more reasonable to look at the empirical
results obtained from managed investments that in reality FX traders open, close, or
adjust their positions based on daily updated information. Given the sample period
is not long enough, splitting sample by time and/or category (advanced economies
and emerging market) is not ideal because these will introduce measurement errors in
betas in terms of smaller variations in their estimated values, which will in turn make
the market prices appear higher and less accurately estimated than on full sample.
However, our reported results are still robust to peso problem, state-dependent factor
exposures, beta-sorted portfolios and nonlinearity checks besides alternative measures
of sovereign credit risk and crash risk, and unadjusted position-unwinding likelihood
indicator, and factor-mimicking portfolios. By removing the illiquid currencies from
the portfolios, we also confirm that our asset pricing results remain qualitatively very
similar. These results are not presented in this chapter, again we will be glad to provide

on request.

2.7.1 Peso Problem

Burnside, Eichenbaum, Kleshchelski, and Rebelo (2011) argue that the key characteris-
tics of a peso state is a high value of SDF, not large losses in carry trades. To show that
the sovereign credit risk does not represent a “peso problem” because sovereign default
is a rare event and the factor price for GSI is very small, we winsorize the sample

outliers of the GSI at the 95% and 90% levels, respectively, to cut off the spikes.

As shown in Table 2.14, we still obtain very robust empirical results with R2s of from
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Table 2.12 Asset Pricing of Currency Carry Portfolios: Peso Problem

All Countries with Transaction Costs

Factor Exposures Factor Prices
BeDrR  Bashwes bGDR  DGSIyes AGDR  AGSIwes B> p—value MAPE
Cp 0.838 1.879 X2
(0.067) (0.764) | FMB 2408  -0.486  0.850 0.319
Cy 1061  3.145 (2.186)  (0.192) (0.831)
(0.098)  (0.780) [2.174]  [0.187] [0.799]
Cs  1.059  0.556
(0.052)  (0.527) HJ — dist
Cy 1.084 -2.003 | GMM; -0.390 -14.088 2.408 -0.486  0.850 0.788 0.504
(0.055)  (0.520) (0.401)  (6.691) (1.731)  (1.23)
Cs  0.959 -3.578 | GM My -0.097 -8.164 2.557 -0.336  0.892 0.377
(0.075)  (0.931) (0.317)  (4.375) (1.744)  (1.24)
BeDR  Bashwe bGDR  bGSIwey AGDR  AGSIwe, R°  p—value MAPE
C;  0.826 2.181 X2
(0.067) (0.898) | FMB 2404  -0.443  0.862 0.494
Cy 1016 2918 (2.186)  (0.172) (0.839)
(0.100)  (1.020) [2.174]  [0.161] [0.810]
Cs 1.067 0.984
(0.049)  (0.619) HJ — dist
Cy 1.100 -2.239 GMM, -0.376 -18.392 2.404 -0.443 0.862 0.788 0.494
(0.052)  (0.738) (0.378)  (7.964) (1.826) (0.156)
Cs  0.991 -3.844 | GM M, -0.098 -10.888 2.536 -0.301 0.783 0.513
(0.076)  (1.074) (0.278) (5.138) (1.780) (0.114)

This table reports time-series factor exposures (3), and cross-sectional factor loadings (b) and factor
prices (M) for comparison between two linear factor models (LFM) both based on position-unwinding
risk (PUW) as the intercept (global) factor but differ in slope (country-specific) factor. The LFM in
the top panel employs sovereign credit risk winsorized at 95% level (HM Lgcy,,,) and the LFM in
the bottom panel adopts sovereign credit risk winsorized at 90% level (HM Lscy,4,)- 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 Pricing
Error (M APE) are also reported.
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0.850 to 0.862. The quantitative changes are the estimates of risk exposures and factor
prices of GSI, and the price of the factor estimated with it. Due to the winsorization,
the variance of GSI becomes smaller, hence Aggs; would naturally become smaller as
well. The factor prices and loadings (bgsr) remain statistically significant, —0.486%
per annum when 5% of the extreme observations are excluded; —0.443% per annum
when 10% of the extreme observations are excluded. So, the qualitative attributes of

the sovereign credit risk story about the UIP puzzle do not change.

2.7.2 Beta-sorted Portfolios

Table 2.13 Currency Portfolios Sorted on Betas with HM Lgc

All Countries without Transaction Costs
Portfolios L LM M UM H Avg. H/L
Mean (%) 1.71 2.15 226 3.24 407 269 2.36
Median (%) 291 473 453 491 748 538 3.51
Std.Dev. (%) 9.33 10.57 7.27 520 10.64 8.60 9.42

Skewness -0.07 -0.26 -0.34 -0.25 -041 -0.27 -0.22
Kurtosis 0.03 026 035 015 049 026 0.60
Sharpe Ratio 0.18 0.20 0.31 062 038 034 0.25
f—s(%) -0.77  0.69 149 430 5.05 215 582

This table reports descriptive statistics of the excess returns of currency portfolios sorted on individual
currencies’ average [sc, which are the risk exposures to HM Lgeo (sovereign credit factor), from
September 2005 to January 2013. The rolling window of 60 months is chosen to obtain stable
estimations of Sgc with very low volatility. The rank of individual currencies’ risk exposures is
relatively persistent to the sorting over the sample period, hence the portfolios do not need to be
rebalanced during the whole sample period. The 20% currencies with the lowest Ssc are allocated
to Portfolio ‘L’ (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% Sgsc.
‘Avg.’, and ‘H/L’ denotes the average excess returns of five portfolios, and difference in the excess
returns between Portfolio ‘H’ and the Portfolio ‘L’ respectively. All excess returns are monthly in
USD with daily availability and adjusted for transaction costs (bid-ask spreads). The mean, median,
standard deviation and higher moments 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.

We adopt 60-month rolling window for the estimation of betas which is commonly
used for the studies in the field of stock markets because it always generates relatively
stable parameter estimates. We do not need to dynamically rebalance our portfolios
over the sample period as the rank of the factor exposures across currencies is quite

stable in our data. Instead, we sort the currencies into portfolios according to their
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average betas. Table 2.13, Table 2.14 shows the descriptive statistics of the currency
portfolios sorted on betas with H M Lg¢, and doubly sorted on betas with both HM Lgc

and PUW | respectively.

CHF and JPY are the currencies with the lowest and the third lowest exposure to
sovereign credit risk, their average Bsc over the sample period are —0.794 and —0.658
respectively. These results are coherent with the findings by Ranaldo and Soderlind
(2010) that CHF and JPY are characterized as safe-haven currencies because they
have negative exposures to risky assets and appreciates when market risk increase.
Intriguingly, JPY is also the currency with the lowest position-unwinding risk, it has
a unique positive average Spyw of 0.014, while all other currencies all have average
negative Spyws. This implies a weak hedge position of JPY for global currencies
against position-unwinding risk. CHF’s average Spyw is —0.145, a medium position-

unwinding risk exposure among the currencies in the sample.

The countries with the highest exposures to HM Lgc are “BRIC3?”, “MIST”, and
“CIVETS?!” coined by Jim O’Neil in Goldman Sachs’ “Global Economic Paper” series
in order to differentiate them from a variety of emerging markets. The corresponding
average Jgcs of these currencies are shown in the parentheses in descending order: COP
(1.107), TRY (1.102), ZAR (0.931), MXN (0.801), INR (0.559), BRL (0.489), KRW
(0.471), IDR (0.452). The next group contains the currencies of the countries from
“EAGLEs™? Nest” members, e.g. PHP, PEN, MYR, ARS. Nordic currencies, such as
SEK, NOK, and DKK, feature safe assets with respect to low negative Ssc. All these
countries do not have a common level of exposures to the PUW. AUD and NZD, among
the most popular carry trade currencies, are in the group of high position-unwinding
risk. HKD with an average Spyw = —0.003 seems to be isolated from the position-
unwinding risk, as it is known pegged to USD, which provides additional supportive
evidence that our position-unwinding likelihood indicator essentially substantiates the

(global) dollar risk as a systematic risk.

30Except for China which is excluded in our currency portfolio, and Russia which ranks medium in
the exposure to sovereign credit risk.

31Except for Vietman and Egypt which are not included in our sample.

32EAGLE:s is a grouping acronym created by BBVA Research in late 2010, standing for Emerging
and Growth-leading Economies, whose expected contribution to the world economic growth in the
next 10 years is greater than the average of the G6 advanced economies (G7 excluding U.S.).
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Furthermore, the excess returns and forward discounts “f — s” increase monoton-
ically with both Ss¢ and Bpyw dimensions across portfolios, which confirms that our
beta-sorted portfolios reproduces the cross section of currency carry portfolios’ excess
returns. However, the skewness of our beta-sorted portfolios exhibit very similar, but
not exactly the same, pattern of those sorted on forward discounts. Moreover, unlike the
volatility of the currency carry portfolios, the portfolios sorted solely on s does not
show a monotonic pattern. These suggest that sorting currencies on Bs¢ alone is closely
related to, but not utterly identical to the currency carry portfolios. Sorting currencies
on both Ss¢ and Bpyw is much more close to the currency carry portfolios in terms of
volatility and skewness patterns, because the position-unwinding risk drives volatility
innovations in FX market. This reasonably suggests that forward bias risk reflects not

only sovereign credit premia but also forward crash premia, as it is correlated with

both level factor and slope factor3.

Figure 2.5 Cross Sectional Goodness of Fit: Currency Carry Portfolios
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This figure shows the cross-sectional predictive power of position-unwinding risk and sovereign credit
risk on five currency carry portfolios. The excess returns are in percentage per annum.

33Figure 2.5. shows the cross-sectional fitness of five currency carry portfolios of six different models.
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2.7.3 Currency Momentum and Volatility Risk Premium

Portfolios

Besides global government bond market, we further look into global equity market.
The equity momentum factor (see Jegadeesh and Titman, 1993, 2001) is given by the
differences in the excess returns between the top 20% winner portfolio and the bottom
20% loser portfolio®* (HM Lgyy). Tt would be interesting to check if equity momentum
risk is also priced in currency carry portfolios as well. However, we cannot find any

supportive evidence.

We further investigate another popular currency trading strategy - momentum -
to check if its profitability is related to relevant explanations for the equity market
version, e.g. 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 liquidity risk (Asness, Moskowitz, and Pedersen, 2013); investors’
underractions and delayed overractions (Chan, Jegadeesh, and Lakonishok, 1996;
Hvidkjaer, 2006; Moskowitz, Ooi, and Pedersen, 2012); heterogeneous beliefs (Verardo,
2009); “Prospect Theory” and “Mental Accounting” (Grinblatt and Han, 2005). The
existing literature generally concentrates on the time series of currency momentum.
In contrast, Menkhoff, Sarno, Schmeling, and Schrimpf (2012b) focus instead on the
cross section dimension and assert that it is the “Limits to Arbitrage” (Shleifer and
Vishny, 1997) preventing this trading strategy from being easily exploitable in the
currency market. 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 selling
short can hinder the arbitrage activity as well. 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 top panel of Table
2.15 below reveals that sovereign credit risk (H M Lg¢) drives currency momentum over

our sample period in which the investors have experienced Subprime Mortgage Crisis

34Please refer to Table A.2. for descriptive statistics of equity momentum portfolios.
35For instance, those whose corporate bonds are rated at non-investable grade.
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and Europe Sovereign Debt Crisis. We also find strictly monotonic risk exposures
across currency momentum portfolios, winner currencies load negatively on HM Lgc
while loser currencies positively, implying that winner currencies perform well when
sovereign default probability is low and loser currencies provide the hedge against this
type of risk when sovereign default probability rises. 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% per annum (with an acceptable statistical significance) to the currency
momentum investors. This model has a R? of 0.651 with a MAPE 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 statistical significant factor price and good cross-sectional

pricing power among the canonical risk factors used in this chapter and Huang and

MacDonald (2013b).

We also investigate the currency volatility risk premium strategy by testing the
cross-sectional pricing power and statistical significance in factor price of each of
these canonical risk factors, and find that only the sovereign credit risk contributes
to the volatility risk premia. The bottom panel of Table 2.15 indicates that the
profit brought by a trading strategy which borrows low downside-insurance-cost (high
volatility risk premium) 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 actually paying
an insurance premia to protect their currency positions against sovereign credit risk
implied in the currencies (see Huang and MacDonald, 2013b, for the interpretation of
volatility risk premia). Higher sovereign default probability makes the downside risk of
a currency more expensive to hedge. The price for this factor to this trading strategy
is 5.198% per annum and statistically significant. The cross-sectional R? is 0.820 with
a MAPE of approximately 55 bps. The x? and HJ — dist tests all indicate that the

model is correctly specified.
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Table 2.15 Asset Pricing of Currency Momentum & Volatility Risk Premium Portfolios

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bepr Bsc bapr bsc AGDR Asc R*  p—value MAPE
Piyyvr 1128 0.090 X2
(0.085) (0.071) | FMB 2.368 -13.496 0.651 0.421
Poyvr 1188 0.058 (2.160)  (5.234) (0.727)
(0.143)  (0.078) [2.174]  [5.686] [0.714]
Psyyr 0912 0.042
(0.036) (0.072) HJ — dist
Py ymr  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)
Bs ymr  0.885 -0.125 | GM M,  0.078 -4.253 2.074  -14.502 0.550 0.544
(0.126)  (0.100) (0.183) (1.705) (1.632) (5.794)
BeDR Bsc bepR bsc AGDR Asc R?>  p—wvalue MAPE
Pivrp  0.892  0.508 x°
(0.155) (0.108) | FMB 2.295 5198 0.820 0.554
Pyvrp 0970 -0.004 (2.195)  (2.465) (0.865)
(0.048)  (0.059) [2.179]  [2.571] [0.846]
Pyyrp 1105 -0.102
(0.048)  (0.067) HJ — dist
Pyvrp 1.231 -0.312 | GM M, 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 | GMM, 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 sovereign
credit risk (HM Lgc) 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 (see Huang and MacDonald, 2013b),
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 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 (H J—dist), and Mean Absolute
Pricing Error (M APE) are also reported.
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2.8 Conclusion

In this chapter we argue that what we label sovereign credit condition is the dominant
fundamental risk that drives the cross-sectional excess returns of currency carry trades.
This conclusion is based on the striking and robust time-series and cross-sectional
evidence presented here. The cross-sectional pricing power of sovereign credit does
not reflect a “Peso problem” and it impulsively drives other country-specific risk, such
as volatility and liquidity risk in both linear and nonlinear Granger causality tests.
High interest-rate currencies load up positively on sovereign default risk while the
low interest-rate currencies provide a hedge against it, which is consistent with the
external valuation adjustment story of Gourinchas and Rey (2007). A country with
high sovereign default risk displays a high propensity to issue debts denominated by
foreign (safe) currencies to make them more appealing to investors, and inclines to
offer a high interest rate to attract foreign savings for funding its external deficit. The
destabilizing effect on the debtor’s currency drives the currency risk premia. This is
robust to alternative measure of sovereign default risk directly by government bonds.
Currency risk premia does not disconnect from fundamentals given that sovereign bond
risk premia contains substantial information about the macroeconomy (Ludvigson and
Ng, 2009). The sovereign credit premia not only reflects a country’s medium to long
run fundamental risk, but also response to short-run rollover risk of maturing debt
and liquidity constraint of a state. Interest rates imply a market liquidity premium
component and a sovereign credit premium component, which should be taken into
account for measuring the “effective” forward premia. Furthermore, we show that
both the cross sections of currency portfolios sorted by momentum and position
insurance costs can be understood from the perspective of sovereign credit risk as
well.  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.

We also explain a “self-fulfilling” nature of currency carry trades according

to the analysis of position-unwinding risk. In the Black-Scholes-Merton universe,
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the cross-sectional variation of currency risk premia is naturally driven by interest
rate differential and currency volatility, and the construction of position-unwinding
likelihood indicator implies empirical asset pricing results of Lustig, Roussanov, and
Verdelhan (2011); Menkhoff, Sarno, Schmeling, and Schrimpf (2012a). Its factor-
mimicking portfolio confirms that position-unwinding risk is an arbitrage-free traded
asset. It is fed by the forward bias risk in both linear and nonlinear Granger
causality tests, in which complicated global contagion channels are highlighted. The
position-unwinding likelihood indicator is also consistent with the liquidity spiral
story of Brunnermeier, Nagel, and Pedersen (2009) as it measures the currency crash
risk in terms of high correlation with the global skewness factor. We show high
interest-rate currencies are exposed to higher position-unwinding (crash) risk than
low interest-rate currencies, owing to the global liquidity transfer brought by carry
trades themselves. Once the risk-bearing capacity (e.g. funding liquidity constraint) of
the financial intermediaries is unable to sustain the “global liquidity imbalance”, the
global liquidity reversal/withdrawal triggers currency crashes (Gabaix and Maggiori,
2015). Accordingly, we propose a threshold carry trade strategy that is immunized from
currency crash risk and earns a much higher annualized excess return than the plain
vanilla one. Our threshold carry trades is a risk-managed strategy, and increases the
Sharpe ratio substantially (approximately twice as big as its original version). It works
because of the crash timing capacity of the position-unwinding likelihood indicator.
However, this presents a new challenge to theories that attempt to explain currency

carry trade excess returns.
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Chapter 3

Global Currency Misalignments,

Crash Sensitivity, and Moment

Risk Premia

3.1 Introduction

Meese and Rogoff (1983) highlight that it is difficult to find a theoretically-grounded
factor that can beat a random walk in forecasting short-run exchange rate movements.
MacDonald and Taylor (1994) reveal that an unrestricted monetary model can outper-
form the random walk as long as the short-run data dynamics is properly processed.
The recent exchange rate literature emphasizes that the apparent disconnection of
exchange rates from macro fundamentals 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 Wincoop (2013)
argue that the unstable relationship between the exchange rates and macroeconomic
fundamentals can be attributable to the uncertainty in expectations of the structural
parameter. Alternatively, Menkhoff, Sarno, Schmeling, and Schrimpf (2013a) apply
the decomposition of the covariance between the excess returns of an asset and
corresponding pricing kernel, originally broached by Hassan (2013), to building macro-

based currency portfolios, and find that economic fundamentals have substantial
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predictive power on exchange rates in the cross-sectional dimension. Currency risk

premia are the compensations for dynamic business cycle risk.

Huang and MacDonald (2013a) show that the excess returns of currency carry
trades can be understood using sovereign credit premia and their results are robust
to alternative measures of innovations in global sovereign CDS spreads and sovereign
default risk implied in government bonds. However, this is not the full story. Because
the 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 currency risk premia, because other factors
such as productivity shocks, changes in the terms of trade, etc. are also of paramount
importance for exchange rate determination and risk premia (MacDonald, 2005). The
deviation from the equilibrium exchange rates determined by the macroeconomic
fundamentals is an important predictor of exchange rates but has been omitted in the
recent influential studies (Jorda and Taylor, 2012). Therefore, it is not unreasonable to
conjecture that currency risk premia originate from such misalignments, as equilibrium
exchange rates are the composite indicators of the competitiveness of the states
and exchange rate misalignments reflect the sustainability of the economic growth.
We find currency misalignment risk explains over 97% of the cross-sectional excess
returns of carry trades. 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 specification) individually.
Engel (2011) modifies Clarida, Gali, and Gertler’s (2002) model to allow for currency
misalignment and emphasize an optimal 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 explains well both time series and cross section of the profitability of

!The variables include differentials in real output/income level, in money supply (bal-
ances/circulations), and in money demand shock.
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currency carry trades. By sorting currencies on the basis of exchange rate misalignment,
we form five currency portfolios with monotonic average excess returns and a trading
strategy (risk factor) that buys top 20% overpriced currencies funded by bottom 20%
undervalued ones. High interest-rate currencies load positively on the misalignment
(overvaluation) risk and tend to depreciate sharply during the turmoil periods, while
low interest-rate currencies offer a hedge against the crash risk (negatively exposure).
Given a certain macroeconomic fundamental and policy environment, global currency
misalignments is unsustainable beyond a threshold level, identifying the misalignment
bound is conducive to timing the risk reversals in the rare but extreme events of

currency crashes.

Recently, the concept of rare disaster risk has also caught a lot attention in the
literature (e.g. Rietz, 1988; Barro, 2006; Weitzman, 2007; Bollerslev and Todorov, 2011;
Gabaix, 2012; Gourio, Siemer, and Verdelhan, 2013) and this suggests that the equity
premium puzzle can be illuminated as a compensation 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, Graveline, and Zviadadze
(2012) that currency premia embody crash risk. Given 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 Downside Risk
CAPM (DR-CAPM) that is able to jointly price the cross section of currencies, equities,
sovereign bonds, and commodities. Garleanu, Pedersen, 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 an 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 negatively
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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.

In this chapter we employ copula methods to capture crash sensitivity in terms
of tail dependence and use model-free approach to measure the moment risk premia
(volatility risk premia as the proxy for downside insurance costs), as we are considering
that crash risk cannot solely explain currency premia in an economic sense, provided
that there is in fact a variety of financial derivatives, 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.

We find that skew risk premia as the proxy for crash risk premia associated with
speculative activities explain 96% of the cross section of currency carry trade excess
returns as well as the misalignment risk. Skew risk premia measure the expected
changes in probability for the Uncovered Interest Rate Parity (UIP) to hold so that
they contain ex-ante information about future carry trade gains (losses) that lead to an
increase (decrease) in speculative positions. Exchange rate misalignment is driven by
skew /speculative risk premia but the reverse is not true. 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 respect 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 in both
dimensions — investing in medium tail-sensitivity and high downside-protection-cost
currencies funded 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 a large set of risk factors®. Unlike currency carry trades, the profit

of risk reversal trade-off strategy is not simply driven by interest rate differentials but

2Tt includes, for instance, canonical currency and stock market 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).
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also exchange rate returns. So, it works a currency selection procedure that picks high
interest-rate (low) currencies which are going to appreciate (depreciate) out of a basket

of currencies.

From the asset allocation perspective, a crash-averse investor would optimally
allocate over 40% of the wealth to the currency-misalignment portfolio over the sample
period, about 40% to the crash-sensitive portfolio and about 10% to skew risk premium
strategy in the tranquil period and be better-off by dramatically reallocating his/her
portfolio holdings to downside-insurance-cost strategy with a weight of over 60% during
the financial turmoil. This behavior is related to the risk-bearing capacity of the
financial intermediaries (Gabaix and Maggiori, 2015) during the financial distress, for
instance, market risk sentiment and funding liquidity constraint. Trading strategies
that exploit REER misalignment, crash sensitivity, and moment risk premia these
three properties of currencies also provide remarkable diversification benefits for risk
management purpose in terms of considerable reductions in conditional value-at-risk

(expected shortfall) of the efficient frontiers.

We further extract the coincidence indices of over 30 individual currencies and
7 currency investment strategies studied in our paper by Forni, Hallin, Lippi, and
Reichlin’s (2005) one-sided method for the estimates of Generalized Dynamic Factor
Model (GDFM) to examine their risk attributes and factor structure in FX market,
and find that sovereign default risk measured by the innovations in global sovereign
CDS spreads is the key driver to three factors that capture the common dynamics®
in FX market. We identify an additional* important factor that accounts for extra
14% of the cross-sectional variation in global currencies. However, it is omitted in the
literature using the standard portfolio approach. It is not only related to the payoff
of currency volatility risk premium (as the proxy for position insurance cost) strategy
but also priced in the cross section of currency value portfolios (explaining over 90% of

the variations). But a large proportion of its risk sources is still a mystery. According

to the properties of the factors extracted by GDFM, we can also categorize the FX

3They explain over 90% of the total variations in the variables.
4The first two factors are essentially the global dollar risk (GDR) and country-specific forward bias
(HM Lpp) risk of Lustig, Roussanov, and Verdelhan (2011) respectively.
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trading strategies into three groups®, which exhibit great economic values for hedging

purposes.

To the best of our knowledge, this is the first empirical asset pricing work that
studies global currency misalignments, crash sensitivity captured by the copula method,
skew risk premia measured by a model-free approach, also the risk attributes and
factor structure of the cross section of individual currencies. The rest of this chapter
is organized as follows: Section 3.2 introduces the ideas and two standard approaches
(FEER and BEER) for computing exchange rate misalignments. Section 3.3 describes
the copula methods and measure of crash sensitivity by tail dependence. Section 3.4
shows the evaluation of downside insurance costs via moment risk premia, and compare
the model-free (swap) method with option-implied method. Section 3.5 contains the
information about the data set used in this chapter, construction of currency trading
strategies by portfolio approach, preliminary analyses of (i) optimal asset allocations
in currency investment, (ii) monotonicity tests for portfolio excess returns and risk
exposures, and (iii) the risk reversal trade-off in business cycles. In Section 3.6, we
demonstrate the standard empirical asset pricing procedures and generalized dynamic
factor model estimates, and discuss our empirical results. The conclusion is drawn in

Section 3.7. Appendix .B contains the supplementary materials.

3.2 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 country is consistent
with its macroeconomic fundamentals. One approach defines 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)

5Currency carry trade, misalignment, and skew risk premium strategies in the first group, while the
strategies trading on currency values, crash sensitivities, and position insurance costs in the second
group; Currency momentum is solo in the third group.
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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.

3.2.1 Equilibrium Exchange Rate Determinations

Williamson (1983) first proposes the idea of a FEER in which 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 parameter estimates and judgement of potential
outputs for the 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
exchange rate remains unchanged. But it is unclear whether the REER is still in
equilibrium in a behavioral sense. Nevertheless, one may favor this approach since
exchange rates are volatile and unpredictable (see Frankel and Rose, 1995; Kilian
and Taylor, 2003) and the relationship between exchange rates and macroeconomic

fundamentals seems to evolve over time (Sarno and Valente, 2009).

Clark and MacDonald (1998) propose the BEER as an alternative way to assess
equilibrium 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:

EREER,,7] = REER, + (E[ri] — EJi7]) + A (3.1)

where E,[-] is the expectation operator. 7, 7; denotes real domestic, and foreign
interest rate for 7' period, respectively. \; represents a measure of risk premium.

E:[REER;. 7| is interpreted as the long-run component of the REER and hence can be
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replaced by a set of expected macroeconomic fundamentals, E,[Z} ;]. Then Equation

(3.1) can rearranged as:

REER, = B[ Z] 7] — (B[] — Be[77]) — N (3.2)

Given that A; is time-varying, Equation (3.2) can be simplified by the imposition

of rational expectations:

REER, = ZF — (7, — 7) (3.3)

In practice, the REER can be written as a function of long and medium-term
macroeconomic fundamentals (Z1 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}, ZM, Z}) (3.4)

Egert, Halpern, and MacDonald (2006), MacDonald and Dias (2007) identify a
standard set of variables for the estimation of equilibrium exchange rates, including
real interest rates, real GDP per capita®, terms of trade, Net Foreign Asset (NFA) as
the pecentage of GDP7, export plus import as the percentage of GDP as the proxy for
economic openness®, government expenditures as the pecentage of GDP as the proxy

for risk premium.

3.2.2 Reduced-Form Estimations

To estimate the relationships between the REER and relevant variables in Equation

(3.4) is tantamount to estimate a reduced-form model:

It measures the total factor productivity, while CPI-to-PPI ratio is the proxy for Balassa-
Samuelson effect.

"We adopt trade balances instead (see Lane and Milesi-Ferretti, 2007), as the coefficient estimates
on the NFA are often inaccurate.

8We also take the financial openness into account (see Chinn and Ito, 2006).
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REER, = B1.Z} + BuZM + BsZ] + & (3.5)

where the random disturbance term e, ~ A(0, 02), the Gaussian i.i.d. normal
distribution. We distinguish the contemporary equilibrium REER as the long and
medium-term component in Equation (3.5) from the observed REER. Then the current

misalignment (C'M;) of REER can be computed as:

CM, = REER, — B2} — BuZM = BsZ{ + & (3.6)

It would also be natural to look at the total misalignment (7'M;) that can be

decomposed into two components as follows:

TM, = REER,— B2} — BuZM

= OM+[Bu(Z — Z7') + Bu(Z)" — Z}")] (3.7)

where ZE, ZM denotes the long-run sustainable values of corresponding variables
that are acquired by either Hodrick-Prescott filter, Beveridge-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.

We calculate the current and total 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 vector cointegration and error correction models,
such as unit-root test, optimal lag selection according to information criteria, Johansen
(1995) rank tests (both trace and maximum eigenvalue), and stability tests (Hansen,
1992; Quintos, 1998) for cointegration relations. 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 the REER introduced in the estimations,
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Table 3.2 Descriptive Statistics of Currency Portfolios (Carry & Misalignment)

All Countries with Bid-Ask Spreads
Portfolios Piocrr  Pocrr Pscrr  Picrr  Pscorr
Mean (%) 0.45 1.57 2.44 2.94 457
Median (%) 3.67 3.71 6.02 834 1117
Std.Dev. (%)  7.41 8.56 9.31 10.61  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 Pyrpy Porvm Parpvy Parpu  Pspu
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) 0.0l 0.04 0.14 0.04 0.06

This table reports descriptive statistics of the transaction-cost adjusted (bid-ask spreads) annualized
excess returns in USD of currency carry (CRT) trade and misalignment (F'BM) 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 percentage.
Skewness and kurtosis are in excess terms. AC(1) is the first order autocorrelation coefficients of the
monthly excess returns.

they inevitably exist. However, we harness the REER misalignments for sorting
currencies into portfolios, and the rank of our estimates of BEER misalignments 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 3.1 above indicates the
average REER misalignments of 34 global currencies over the sample period using
both approaches. Overall, the majority of currencies are underpriced against USD
except for AUD, NZD, and TRY that are significantly overvalued. This is consistent
with the fact that investment in the global money market outside U.S. funded by USD

yields an excess return about 2.39% in our the sample period.

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

(forward discounts), and estimated average REER misalignments of FEER and BEER
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Figure 3.1 Forward Bias Risk vs. REER Misalignment Risk
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This figure shows exchange rate misalignment risk (HM Lggras) in comparison with Lustig, Roussanov,
and Verdelhan’s (2011) forward bias risk (HM Lpp) from September 2005 to January 2013.

approaches, respectively. Table 3.2 presents the descriptive statistics of currency carry
and misalignment portfolios. We can see consistency of monotonicity in average 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 remunerated with an average annual excess

return of 4.57% with a comparable Sharpe ratio of 0.43.

We construct a REER misalignment strategy (HM Lggys) that consists of a long
position in overpriced currencies and a short position in undervalued currencies. Figure
3.1. 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
decomposing 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
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positively driven by the yield component but negatively by the exchange rate return
component, then the REER misalignment strategy exhibits similar behavior to carry
trades. If HM Lggry as a priced risk factor explains the cross section of carry trade
excess returns, the forward premium puzzle may be understood by an investigation of
the mechanisms that cause high interest-rate currencies to be overpriced (in terms of
the deviations from the medium to long run equilibrium relationships among the real
fundamentals) in good times and to be positively exposed to crash (depreciation) risk in
turmoil periods, 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.

3.3 Crash Sensitivity

In this section, we briefly explain why we choose copula methods to measure 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 evaluate 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 diminishing sensitivity’ can be attributed to both disposition and
momentum effects. Although the evidence in the equity market has been extensively
reported, only a little attention has been paid to currency market. We choose the copula
approach to model the crash sensitivity because it is capable 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 elegant and flexible bottom-up approach that allows us to combine

9Tt refers to the asymmetric value function of investors in the gain domain (concave) and loss
domain (convex).
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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 gains 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 asymmetry of the dependence between DEM and
JPY to the asymmetric reactions 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 capture 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 semiparametric 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 are consistent with those

from parametric and semiparametric methods in general.

3.3.1 Copula

Copula is the function that connects multivariate distribution to their one-dimension
margins (Sklar, 1959). Sklar’s theorem states that if the margins are continuous, then

there exists a unique copula function C' merging n-dimension marginal Cumulative
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Distribution Functions (CDF) into a joint distribution F', which is a multivariate
distribution with the univariate margins Fi, ..., F},, then there exists a copula C :

[0,1]" — [0, 1] that satisfies:

F(x1,...,x,) = C(Fi(x1), ..., Fu(xy,)), Vo, € R" (3.8)

where I’ 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:

Clut,...,uy) = F (Fy N (w), ..., Fy Hun)) (3.9)

where F, ! denotes the generalized inverse distribution function of the univariate
distribution function F,, F~'(u) = inf{z : F(z) > u}, and x, = F, ' (u,),0 < u, <
1,for : = 1,...,n. Conversely, let U to be a random vector with a distribution function

C and set X : = [F{ ' (Uh), ..., F,, 1 (U,)], we get:

Pr(X; <mz,...X, <wz,) = Pr(F'(U) <a,...F,  (U,) <)
= PI‘ (Ul S FI(I1>, cevy Un S Fn<CL’n))
= C(Fi (1), ..., Fu(my)) (3.10)

If the densities exist, then we can derive the representation of joint Probability

Distribution Function (PDF) from the joint CDF:

f@r, ) = c(Fi(x1), ooy Fu(wa)) x ] ] fila:) (3.11)
=1
where c(uy, ..., u,) = %.
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3.3.2 Tail Dependence

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

LTD: = LTD (X}, X5)= 1ir51+ Pr(Xo < Fy'(q)| X1 < F{'(g))  (3.12)
q—

UTD: = UTD (X, X,) = lim Pr (X2 > Fy ' ()| Xy > Fy ' (g))  (3.13)
q—1=

where ¢ is the quantile. Using Equation (3.10) and condition probability function, the

LTD coefficient can be computed as:

Pr (X, < Fy 'Y (q), Xy < Ft
q—0+ Pr (X; < Fy '(q)) =0t ¢
Analogously, we have the formula for UT' D coefficient as follows:
Pr(Xo > Fy '(q), X1 > F{* 1-2¢+C
UrD — i > BI@ X > Fg) 12204 Cled) g
q—1— Pr (X1 > Fl (Q)) q—1- l—gq

The coefficients can be easily calculated when the copula has a closed-form
expression. The C has lower tail dependence if LTD € (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, LT D # 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 conditional 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
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conditional variance and leverage effect, and a skewed-t distribution of Hansen (1994)
for residuals. 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.

Y over the sample

The average lower and upper tail dependences of 34 currencies’
period are provided in Table 3.1 above. ARS, and two currencies of Asia countries,
JPY and HKD are crash-insensitive currencies over our sample period in terms of
both LTD and UT D, while EUR, Nordic currencies 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 imply 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 currencies 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
volatility 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 extreme
downside risk of currency market by the AR(2) innovations to the equally-weighted
averaging of lower tail dependence (GT'D). We check if the shock series as an indicator
for global tail risk (GT'I) is priced and captures additional information in the time

series and cross section of currency carry trade excess returns'®.

10Currency portfolios sorted by tail sensitivity are presented in Table B.1..

N GT D suddenly increased dramatically in September 2008 (Lehman Brothers’ bankruptcy and the
outbreak of the Subprime Mortgage Crisis), and keep increasing during the Sovereign Debt Crisis in
Europe (See Figure B.1. in Appendix .B.)
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3.4 Downside Insurance Costs and Speculative Po-

sitions

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 unhedgeable 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 currencies 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.

3.4.1 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 ¢ with a maturity of T’
will receive the payoff per unit of notional amount M P, 1 at the end of time ¢47", which

equals to the realized moment RM, r subtracted by the moment swap rate M.S; r:

MP, 7 = RM, 7 — MS, (3.16)

Both RM;r and MS,r are quoted in annualized terms but RM, r is determined
at the end of the contract ¢t + 71" 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,p = E2[RM, ] (3.17)
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where E?[ -] is the expectation operator under risk-neutral measure Q, and RM, r is
computed as the integrated moment, e.g. realized volatility RV, = % ftHTagds,

wherein o2 denotes the stochastic volatility of the underlying.

3.4.2 Model-free and Realized Moments

The moment swaps can be synthesized using model-free approach pioneered by Britten-
Jones and Neuberger (2000) that implied moments are derived 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 model-free moments are valid even in presence of
price jumps of the underlying. The valuation of the second (variance), third (skewness),

12

and fourth (kurtosis) model-free moments for a currency pair'® is respectively given by:

0 2B, | [ 1 for g
t, T 0
68 1 * K-Fr /FtTFtT_
EQ[RS, 7] = —2 — 2 Cp(K)dK — Pr(K)dK| (3.19
t [ t7T] T FtT Ft TK2 tT Ft TK2 t7T( ) ( )

12Currencies are in indirect quotes as units of foreign currency per unit of domestic currency (USD).
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12B, 1

EX[RK, 1] = -

* (K — Fur)? Bt (K — Fyr)?
(KK + 2 pn(K)dK
/FM FE,TKQ ' 0 FtQ,TK2 '

(3.20)

where By = exp [—(r; — rf)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
r, and foreign risk-free rate r;. P,r, Cyr is the put and call prices at time ¢ with a
strike price of K and a maturity of T', respectively. F;r 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 E;Q[RV;’T], 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 pricing model
(Garman and Kohlhagen, 1983). In FX market, the OTC options are quoted in terms of
at-the-money (ATM) implied volatilities (IVaryr), (10-delta and 25-delta) out-of-the-
money (OTM) option risk reversals (RRioa, RRa2sa) and butterflies (BFiga, BFssa).
The other four implied volatilities at 10%, 25%, 75%, and 90% moneyness levels can
be calculated as: I'Vigouyr = IVary + BFioa — %RRNA, IVosonr = IVaray + BFosa —
sRRosa, IVasg = IVara+BFasa+3RRosa, and ooy = IVary+BFioa+3 RRioa,
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 procedure 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 quadrature
approximation to solve the integral in Equation (3.18) and Equation (3.19). Although
this introduces truncation and discretization errors, both of them are shown trivial
in a similar method of trapezodial integration (Jiang and Tian, 2005). We focus on

volatility and skew risk premia in this chapter.
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3.4.3 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:

MRP,p = EF[RM, ] — E2[RM, ] (3.21)

where E}[-] is the conditional expectation operator under physical measure P. We
follow Bollerslev, Tauchen, and Zhou (2009) to adopt the lagged realized volatility, and
use the calculations of realized moments as in Huang and MacDonald (2013a). By
doing this, we are able to observe ex-ante moment risk premia which does not involve
any modeling assumption. Then the moment risk premia in Equation (3.21) can be
rewritten as MRP,r = RM;_rr —E;Q[RMt,T]. 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)!3, 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

3For implied skewness: ioa ~ 2.3409 - RRioa / IVarn, Sosa =~ 4.4478 - RRosa / IVarar; For
implied kurtosis: K1pa = 14.6130 - BF1oa / IVaTa, Rosa /2 52.7546 - BFosa / IVar s
14See Figure B.2. and Figure B.3. in Appendix .B.
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the expected option-implied volatility, which is directly related to the option price used
for downside protection. 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.

Both realized and risk-neutral skewness move in the opposite direction in response to
the exchange rate returns (Jurek, 2007). The risk-neutral skew is negatively correlated
with interest rate differentials and predicts lower future realized skew (Brunnermeier,
Nagel, and Pedersen, 2009). UIP states that USD tends to appreciate against foreign
currencies when r; > r,, implying a significant negative skew of exchange rate returns.
In this case, a l-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, and vice versa. In the case of positive skew implied by UIP when
r; < 1, 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 (lower probability of UIP to hold), and hence lower (crash)
risk premium of a foreign currency against USD, and vice versa. Thus, skew risk
premia provide ex-ante information about future carry trade gains (losses) that lead
to an increase (decrease) in speculative positions. The strategy of investing in low
(negative) speculative-risk-premium currencies funded by high (positive) speculative-
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. Again, we need to
decompose the cumulative excess return (Della Corte, Ramadorai, and Sarno, 2013)
to check if the skew risk premium strategy shares the common constituent drivers of

cumulative wealth with carry trades.

5

The average volatility and skew risk premia of 27 currencies'® over the sample period

15Currency portfolios sorted by moment risk premia are presented in Table B.2..
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are provided in Table 3.1. We can see that on average the VRP of the investment
currency AUD is positive, implying that it is 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 such as RUB, INR, ZAR, KRW, and TRY are
also characterized by expensive insurance for downside risk. As for skew risk premia,
BRL, TRY, and MXN are among the lowest SRP (highest crash risk) currencies while
HKD, and two safe-haven currencies CHF and JPY (also a funding currency) are those

with the highest SRP.

3.5 Data and Preliminary Analyses

Our financial data set, obtained from Bloomberg and Datastream, consists of spot
rates and 1-month forward rates with bid, middle, and ask prices, 1-month interest
rates, b-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), KRW (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 Fconomic Intelligence Unit,
IMF’s International Financial 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)'® and Lane

and Milesi-Ferretti (2007)7, for real effective exchange rates, real GDP per capita,

16See the link http://web.pdx.edu/~ito/Chinn-Ito_website.htm.
17See the link http://www.philiplane.org/EWN.html.
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terms of trade, imports and exports, CPI and PPI (for the test of Balassa-Samuelson
effect), real interest rates, PPP conversion factor to market exchange rate ratios'®
government consumption as the percentage of GDP, NFA as the percentage of GDP,
capital liberalization index, respectively. 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
economic 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)?°, Fung and Hsieh (2001)?!, and
Baker, Bloom, and Davis (2012)%2, respectively. Our sample period is restricted by the
availability of option historical data from the database terminals we can access®3. 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.

3.5.1 Currency Investment Strategies and Asset Allocations

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 1 (P;) 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

18The 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. Neither does Deutsche Bank have the data
for TWD. We also exclude ARS since World Bank does not provide the data after 2006.

19See the link http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.
html.

20See the link http://www.econ.yale.edu/~af227/data_library.htm.

21Gee the link https://faculty.fuqua.duke.edu/~dah7/HFData.htm.

22Gee the link http://www.policyuncertainty.com/index.html.

23Given 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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Table 3.3 Descriptive Statistics & Correlation Matrix of FX Trading Strategies

All Countries with Bid-Ask Spreads
TS CRT FBM MMT PPV MCS VRP SRP DS
Mean (%) 2.29 2.36 -0.75 0.78 -3.56 0.31 1.3 6.69
Median (%) 2.74  5.32 -0.71 0.63 -2.23 -0.88 5.83 7.23
Std.Dev. (%) 7.86  9.10 8.18 7.56 10.84 7.94 881 8.39

Skewness -0.17  -0.75 0.11 0.12 -0.31 0.51 -0.36 -0.15
Kurtosis 0.11 1.12 0.19 0.14 0.25 0.88 0.33 0.08
Sharpe Ratio  0.29 0.26 -0.09 0.10 -0.33 0.04 0.17 0.80
AC(1) 0.14 0.04 -0.12 -0.10 -0.01 0.15 0.27 0.00
CRT 1.00

FBM 0.72 1.00

MMT -0.21 -0.22 1.00

PPV 0.13 -0.35 0.03 1.00

MCS 0.15 0.57 -0.08 -0.81 1.00

VRP 0.09 -0.29 0.08 0.62 -0.57 1.00

SRP 0.77 0.68 -0.31 0.02 0.28 -0.08 1.00

DS 0.54 0.31 -0.07 0.09 0.20 0.34 0.53 1.00

This table reports descriptive statistics of the transaction-cost adjusted (bid-ask spreads) annualized
excess returns in USD of 8 FX trading strategies: carry trades (CRT'), REER misalignment (FBM),
momentum (MMT), value (PPV), crash sensitivity (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% currencies with lowest sort base. The last column contains the descriptive statistics of
a double-sorting (DS) strategy that invests in medium-C'S and high-D1I currencies funded by low-C'S
and medium-DJI 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.

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 ¢+1 is computed as: arf, =r; —ry +s2 — sih = [P — sy,
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, (F)?, the log

24The portfolios are rebalanced monthly except for REER misalignment and value ones that are
done at the end of each year.

25 Except for volatility risk premia portfolios that Py is the funding leg of Ps because low (negative)
V RP represents high downside protection costs.
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excess returns xry,; at the time t+1: xzrf, = —f# + s2,. Currencies that largely

deviate from CIP are removed from the sample for the corresponding periods®®

The reported monthly excess returns and factor prices are annualized via multipli-
cation by 12, standard deviation is multiplied by /12, skewness is divided by v/12, and
kurtosis is divided by 12. All return data are in percentages unless specified. As shown
in Table 3.3, 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 respectively). The Sharpe ratios are not as high as usual because our data
span the 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-DI 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 8 currency investment 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 understand the currency risk

premia.

Figure 3.2. presents the decomposition of the cumulative excess returns to the
8 currency investment 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 misalignments, fair values, and moment risk premia
strategies, which all have a negative cumulative exchange rate return component.

Especially, the strategy trading on skew risk premia mimics two payoff components of

26IDR 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.

2TThe strategy is investing the (undervalued) currencies with low PPP conversion factor to market
exchange rate ratio funded by the high ones. Please refer to Table B.1. for the descriptive statistics
of currency value and momentum portfolios.

28Gee also in Figure 3.6.
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Figure 3.2 Decomposition of Cumulative Wealth to FX Trading Strategies
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This figure shows the decompositions of the cumulative transaction-cost adjusted wealth (excess
return) to the 8 FX trading strategies into exchange rate (transaction-cost adjusted) return and yield
(interest rate differential) components. The sample period is from September 2005 to January 2013.

carry 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 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, not the yield component.
As for the cumulative wealth of the currency value and volatility risk premium
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 reverses after the crisis.
Its yield component is nearly unrelated to crash sensitivity before the crisis but exerts
a negative impact on the cumulative wealth after the crisis owing to the fact that
currencies of the countries involved in the crisis are highly crash sensitive and the
central banks adopt loose credit and easy monetary policies such as low interest rates.
This differentiates it from other trading strategies. As for the risk reversal trade-off

strategy, both yield and exchange rate return components positively contribute to the
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the cumulative wealth.

Table 3.4 presents the systematic risks of 8 currency investment strategies. We select
four typical FX market-based non-return factors. Currency carry, misalignment, and
skew risk premium portfolios all trade on the position-unwinding likelihood indicator
(PUW) that explores the probability of the UIP to hold using the option pricing
model, and global crash (skewness) risk (GSQ) as in (Huang and MacDonald, 2013a).
This conforms with the results of empirical asset pricing exercises in the next section.
We also find that both currency momentum and downside-insurance-cost strategies
are not related to PUW, nor GS@Q. Coherently, crash-sensitivity strategy has the
largest proportion of variation among others explained by PUW and GS(@. Both global
sovereign (GSI) risk (see Huang and MacDonald, 2013a, for details) and volatility
(GVI) risk (Menkhoff, Sarno, Schmeling, and Schrimpf, 2012a) factors cannot explain
our risk reversal trade-off strategy (see the following sub-section). GSI has comparable
statistical significance to GV'I but stronger pricing power on explaining the variation

of the currency investment strategies except for carry trade.

To emphasize the importance of REER misalignment, crash sensitivity, and
moment risk premia in understanding the currency risk premia, we look into the
economic significance of the corresponding currency investment strategies via mean-
variance/CVaR asset allocations. Optimal risky portfolio with regime shifts as the
combination of various asset classes or trading strategies reflects a representative
investor’s choice on the asset allocation in high and low volatility regimes. Ang
and Bekaert (2002) show that the time-varying investment opportunity set does not
impair diversification benefits, and we find considerably distinctive asset allocation
implications in pre-crisis and post-crisis periods in the foreign exchange market. We
use the mean-variance optimization approach to get the optimal risky portfolio weights
among the monthly-rebalancing currency investment strategies with a closed form

solution. The agent maximizes the utility function given by:

.
max {Eljtp 1] = 202,11 } (3.22)

where E[u, 1] is the expected portfolio excess return of the combination of currency
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investment strategies, 0,,+1 denotes the volatility of the portfolio, and v measures the

-1
Tr,er

risk aversion of the investor. The vector of optimal weights w = %E E[zr], where
E[zr], X2 is the expected excess return vector, and covariance matrix of currency
investment strategies. We focus on the tangency portfolios, which are independent

of risk-free rate and the coefficient of risk aversion. The vector of tangency weights
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Figure 3.3 Time-Varying Efficient Frontiers & Tangency Portfolios
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This figure shows the time-varying Efficient Frontiers (EF') under mean-variance portfolio optimization
scheme and corresponding Tangency Portfolios (T'P) in the whole sample (unconditional), pre-crisis,
and post-crisis periods. The sample period is from September 2005 to January 2013, and split by
September 2008.

Figure 3.3. illustrates the unconditional and time-varying efficient frontiers and
tangency portfolios in optimal mean-variance allocations (no short selling?”) of several
studied currency investment strategies. It is clear that optimal asset allocation 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 3.5 reports the portfolio weights of each currency investment strategies and the

29We adopt the long-only approach because in practice benchmark restrictions, implementation
costs, and factor decay/illiquidity issues often offset the value added by the short leg.
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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 62.7% to high downside-insurance-cost currencies funded by the low counterparts
in post-crisis period but a zero weight to this strategy in pre-crisis period. Similarly,
he/she allocates a weight of 40.0% 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 and trivial diversification benefit of the
momentum strategy in business cycles, the utility-maximizing investor does not allocate
the wealth to the strategy. The limits to arbitrage make this strategy unexploitable to
the investors as emphasized by Menkhoff, Sarno, Schmeling, and Schrimpf (2012a). The
weight to value strategy is very small in pre-crisis period, but in the unconditional and
post-crisis asset allocation, investor will assign a significant fraction of his/her wealth
of 19.9% and 17.8% to the strategy, respectively. Carry trade strategy is revealed
exposed to the global volatility (innovation) risk (Menkhoff, Sarno, Schmeling, and
Schrimpf, 2012a) and offers no diversification benefit in post-crisis period. As the result,
investor does not allocate the wealth to carry trade portfolio in the post-crisis period.
Currency misalignment strategy accounts for a large proportion of allocated wealth,
43.5%, in whole sample period and its weights are still substantial in two split periods
(27.0% and 21.5%, respectively), implying that overpriced (to the medium/long-run
fundamental equilibrium values) currencies subject to depreciation risk in period of
financial turmoil offer significant diversification benefits. Currency carry trade and
misalignment strategies have comparable weights in unconditional allocation. Investor
also optimally allocates about 11.6% of the wealth to currency skew risk premium
portfolio in pre-crisis period, which is close to the weight to carry trades. The Sharpe

ratio of the optimal risky portfolios reaches 1.351 in tranquil period.

We further evaluate the economic significance in terms of downside risk. Figure
3.4. indicates the efficient frontier in optimal mean-CVaR (conditional value-at-risk)
allocations (also no short sale) with and without the access to currency misalignment,

crash sensitivity, volatility risk premium, and skew risk premium investment strategies.
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Table 3.5 Optimal Risky Portfolios

Portfolio Weights Investment Performance
TS CRT FBM MMT PPV MCS VRP SRP |Elu) (%) op, (%) Sharpe Ratio
Unconditional 0.366  0.435 — 0.199  — — 2.022 6.258 0.323
Pre-crisis 0.182 0.270 — 0.032  0.400 0.116 6.406 4.743 1.351
Post-crisis — 0.215 — 0178 —  0.627 — 2,772 4.784 0.579

This table reports the optimal portfolio weights for 7 simple currency investment strategies in the whole sample (unconditional), pre-crisis, and post-crisis
periods, as well as the corresponding excess returns (E[u,]), volatilities (o,,), and Sharpe ratios. The coefficient of risk aversion + is set to 3. The sample
period is from September 2005 to January 2013, and split by September 2008.
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Figure 3.4 Mean-CVaR Portfolio Optimization

I
e EFunconditionaI
sl A —BForem N
* / - — EF .
Vi ) pre—crisis
7k N ; T EFw/o MCS [
- 4 —x— EF
< J 14 w/o SRP
- 6F y s : : - — -EF___ ..
c / post-crisis
E * ! - —EF ovre
X 5t / |
@ K
Q
3] /
1 | % |
o 4 /
ie]
° £
5 3 / .
o ¥
[S]
g 2f 4 i
4]
=
1F -
o -
-1 ! ! ! ! ! ! ! !
0 2 4 6 8 10 12 14 16 18

Conditional Value-at-Risk (Expected Shortfall) of Portfolios (%)

This figure shows the time-varying Efficient Frontiers (EF) under mean-CVaR, (conditional value-at-
risk / expected shortfall) portfolio optimization scheme in the whole sample (unconditional), pre-crisis,
and post-crisis periods, with and without (w/o) the accessibility to REER misalignment (F'BM ), crash
sensitivity (M C'S), volatility risk premium (V RP), and skew risk premium (SRP) currency investment
strategies. The sample period is from September 2005 to January 2013, and split by September 2008.

CVaR is also called expected shortfall and defined as ES, = —+ f:OZaRa zf(z) da.
We set a = 5% and find impressive diversification benefit of volatility risk premia in
post-crisis period, as it reduces the 1-month FESsy by at least about 1% p.a.. The
diversification benefit of currency misalignment strategy is an up to approximately 2%
p.a. reduction in l-month E S5y below a certain threshold (around 12.2% CVaR) in
the whole sample period. In pre-crisis period, we can benefit from diversification in
terms of a reduction in 1-month E S5y by up to 2% p.a. via the investments in crash
sensitivity strategy, but the diversification benefit is trivial when we trade currencies

on skew (crash) risk premia.

All these asset allocation results suggest that currency misalignment, crash sensi-
tivity, and moment risk premia are of great economic values to investors in FX market.
They exhibit desirable properties that cannot be well replicated using information from

other currency investment strategies. The currencies that are overvalued (undervalued)
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with respect to REER tend to be crash sensitive (insensitive), and have relatively low
(high) downside insurance costs but high (low) speculative risk premia. The safe-haven

currency JPY is typically the latter.

3.5.2 Monotonicity Tests and Risk Reversal Trade-off

We resort to the monotonicity (M R) test proposed by Patton and Timmermann (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 Aj = puj — 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 = [Ag, As, Ay, As]T < 0)
against 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 sample size of V.
J=4se

We use the stationary block bootstrap to compute the p — walues 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:

5 5
Ho: A=0 vs. Hf 0> IA{A; >0} >0; Jf =Y |AJL{A; >0} (3.23)

=2 j=2

5 5
Ho: A=0 vs. Hy 0> IA{A; <0} >0; Jy =Y |AJL{A; <0} (3.24)

=2 j=2

where 1{A; > 0} (1{A; < 0}) as an indicator function equals to unity if A; > 0
(A; <0), and zero otherwise. That at lease some of the A are increasing (decreasing)
is a sufficient condition for the alternative hypothesis H;" (H;) to hold. J3 (Jy)
is the “Up” (“Down”) test statistic. This methodology is extended in Patton and
Timmermann (2010) to test for monotonic patterns in parameters. Thus, we employ
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the M R test to examine the monotonicity in factor loadings for robustness check, under
the null hypothesis Hy : 1 > By > (3 > B4 > [5 against the alternative hypothesis
Hy : B < By < B3 < By < PB5. The coefficient vector B](-b) is obtained from bootstrap
regressions to compute the statistic J; y = ]iglng) (Bj(b) B — (Bj(b_)l — f3;_1)| for the

test.

Table 3.6 Monotonicity Tests for Excess Returns of Currency Portfolios

Whole Sample
TS MR MRp MRy MRp
CRT  0.004 0.003 0.125 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 0.546 0.956
MCS 0343 0276 0.747 0.564
VRP 0.145 0.237 0.421 0.809
SRP 0.238 0.228 0.507 0.816
Pre-crisis
TS MR MRp MRy MRp
MCS 0.544 0.389 0.040 0.593
VRP 0.977 0935 0.621 0.093
Post-crisis
TS MR MRp MRy MRp
MCS 0.746 0.833 0.952 0.159
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 (M MT), value (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. M R, M Rp, 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.

The top panel of Table 3.6 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 reversed in post-crisis period that low-C'S and high-DI currencies become
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more appealing to the investors. The monotonicity in the excess returns of these

portfolios in split sample period is confirmed by the M R tests respectively.

Figure 3.5 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 (PFLcge) and highest
crash sensitivity (PFLggn), and the portfolios with lowest downside insurance cost (PFLprr) and
highest downside insurance cost (PFLpr#). The sample period is from September 2005 to January
2013.

Figure 3.5. below presents the time-varying risk premia of the P, and Ps 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 payoff 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-DI 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-
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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
(2013a) that higher interest-rate currencies are exposed to higher position-unwinding

risk.

Table 3.7 Global Crash Aversion

All Countries without Transaction Costs

cS Bottom Mezzanine Top
DI Low High Low High Low High
Mean (%) -1.22 1.73 292 649 240 -0.57

Median (%)  3.65 273 4.14 1143 7.17 4.81
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 1.79 009 088 0.03 0.75 0.31
Sharpe Ratio -0.14 0.25 0.26 0.63 0.17 -0.04
AC(1) -0.08 0.12 019 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 (C'S) measured by copula method and downside insurance cost
(DI) implied in variance swaps, from September 2005 to January 2013. The portfolios are doubly
sorted on bottom 30%, mezzanine 40%, and top 30% basis for the downside insurance cost dimension,
and on low 50% and high 50% basis for the crash sensitivity dimension. 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.

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 respectively, as shown in Table
3.7 below. An intriguing behavior of “Risk-on and Risk-off” across six portfolios is
unveiled that, in the first four columns, we can see strict monotonicity in average excess
returns in both dimensions. Low-C'S and low-D1 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 currencies give
even higher average excess return (2.92% p.a.). Medium-C'S and high-DI currencies

have the best performance, 6.49% p.a., among all. The high-C'S currencies become

30Given 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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unappealing to the crash-averse investors in the aftermath of the crisis. And when the
currencies with this feature are expensive to hedge, they become stale to the investors.
That’s why high-C'S and high-DI 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.

Figure 3.6 Risk Reversal Trade-off
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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 (PF Lpg) that holds high crash-
sensitivity and high downside-insurance-cost currencies funded by the low counterparts via double-
sorting approach. The sample period is from September 2005 to January 2013.

Figure 3.6. presents a trading strategy®' by investing in medium-C'S and high-

DI currencies funded by low-C'S and medium-DI ones in 3 x 3 double sorting®* in

31Tts descriptive statistics are indicated in Table 3.3.

32We 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.
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comparison with the Chicago Board Options Exchange’s (CBOE) VIX index as the
market risk sentiment that has a robust payoff without any dramatic plummeting over
the sample period, even in several times when the VIX suddenly hiked up®?. Choosing
the medium level in one sorting dimension that is subject to risk reversals 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. 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, representing very high expected excess

returns regardless of the business cycle risk.

Yet, we need to understand the risk nature of this trading strategy. The tested
risk factors that drive the payoff include the changes in VIX (AVIX), the changes
in T-Bill Eurodollar (TED) Spreads Index (AT ED), the changes in Financial Stress
Index (FSI) released by Federal Reserve Bank of St. Louis (AF'ST), the changes in the
measures of government 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 others).
excess returns of MSCI Emerging Market Index (MSCIPM), 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 the foreign exchange market (BABpx),
equity market (BABgy), sovereign bond market (BABg)s), and commodity market
(BABcy), 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 (SNP), size spreads of Russell 2000 Index (SPD®%) over

33For 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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Table 3.8 Risk Factors for the Trading Strategy Doubly Sorted by Currency Crash Sensitivity & Downside Insurance Cost

Panel A: Currency Market Risk Factors

a Bapr BrB Byrmr Bppv Adj — 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 BrmL Bumbp Bomy Adj — 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
(&% Q\Hmv\ Qm@ubim \%MZW Qmwbmm \mﬂmum Eﬂméuk \%\HWQNSU \w&w - mw
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
«@ \%m\bmﬁx Qm\»mm\,?\ \thmm,i QW}WQ?& \w&w - mw
8.29%* -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 Buscrem  Bavix  Barep  Barsr  Bacpupy  Bacpuys Adj — R?
5.59*%%  (0.09*** -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 is 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.

b
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S&P Index, changes in 10-year treasury constant maturity yields (T'BY’), changes
in the credit spreads of Moody’s BAA corporate bond yields over the T-Bill yields
(SPDMB) and excess returns on portfolios of lookback straddle options on bonds
(TFB), currencies (TF¥¥), and commodities (TF“MP) that replicate the performance

of the trend-following strategies in respective asset classes.

Table 3.8 presents the time-series asset pricing test on the excess returns of our
proposed trading strategy. We have five groups of risk factors: Common risk factors
in currency market (Lustig, Roussanov, and Verdelhan, 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
risk factors in Panel B; Hedge fund risk factors in the Panel C; Betting-against-beta
risk factors for foreign exchanges, equity, sovereign bond, and commodity markets
in Panel D; Other risk factors, including measures of government economic policy
uncertainty, are grouped together in the Panel E. It is shown that the alpha estimates
of our proposed strategy are all statistically significant and essentially unaffected by
the inclusion of any of these risk factors. The estimated annualized alphas are virtually
close to the average annual excess returns brought by this strategy, which means the
anomaly is substantial. Although 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 payoff of this strategy at an acceptable Adjusted — R?
level. As shown in Figure 3.2. that the risk reversal trade-off strategy is actually a
currency selection procedure that filters high (low) interest-rate currencies which are

about to appreciate (depreciate).
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3.6 Methodologies and Empirical Results

3.6.1 Factor Models and Estimations

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

trading strategies.

Asset Pricing Tests

Here we briefly summarize the methodologies used for risk-based explanations 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; - xr;]) =0 (3.25)

The SDF takes a linear form of m; = &- [1 —(zfi—p)" b}, where £ is a scalar, zf; is
a k x 1 vector of risk factors, p = E[zf;], 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:

Elxr;¢] = cov[zr;y, zfi] Z;fl@f D) (3.26)
B;

where X5 .0 = E[(zfi — p)(zfs — p)']. B, is a vector of risk quantities of k factors
for portfolio 7, and X 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 A\; = 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
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procedures for the parameter estimates of the linear factor model: Generalized Method
of Moments (Hansen, 1982), as known as “GMM”, and Fama-MacBeth (FMB) 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—wvalues 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 \.

Risk Attributes and Factor Structure in FX Market

To estimate the risk attributes and factor structure of the foreign exchange (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 exploit
approximate factor models for dynamic panel data under similar assumptions (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 superiority of their Generalized Principal

34Notably, 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.

35Hansen-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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Components Estimator (PCE) over other PCEs in terms of accuracy in the Monte Carlo
experiments, especially 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)%" and Ahn and Horenstein (2013)% to
determine the number of dynamic and static factors in GDFM. The results suggest three
factors that summarize the common dynamics of the variables and explain over 90%
of the variations in these variables®®. These factors are the representative “Coincident
Indices” or “Reference Cycles” that measure the comovements of the pay-offs of FX
trading strategies, and of the global currencies (see Stock and Watson, 1989; Croux,
Forni, and Reichlin, 2001). Let Y; = (Y14, Y2.t, -+, Ynst) |, denoting a large dimension of

variables. Y; in a GDFM representation is given by:

Y = AGy + ug (3.27)
O(L) Gy = vy (3.28)
U(L)u =1y (3.29)

36Boivin and Ng (2005) compare different PCEs, including various feasible Generalized PCEs but
only find nuances in forecasting performances.

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

381t is built on the methodology proposed by Bai and Ng (2002) by maximizing the adjoining
eigenvalue ratio with respect to the number of factors.

39These dynamic factors that the corresponding eigen values are greater than one explain 53.25%,
26.52%, and 10.38% of the total variation of 7 simple FX trading strategies, and 62.30%, 11.52%,
and 6.99% of the total variation of 30 individual currencies. Currencies for which the CIP unholds in
certain periods are excluded. Currency, such as ARS, which has a zero correlation with the market
portfolio (global market) is also excluded.
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T is a k x 1 vector of common latent components with a

where Gy = [, 9,_1, -, 9/
corresponding n x k matrix of factor loadings A; for i = 1,2, ...,[ and a corresponding
k x k matrix of autoregressive coefficients ©; for for j =1,2,...,p, g; is a h x 1 vector
of dynamic factors such that k = (1 + 1) h, and u; is a n x 1 matrix of idiosyncratic
component with a corresponding n x n matrix of autoregressive coefficients ¥. L
in the parentheses is the lag polynomial operator, for example, O(L) = I — O L —
O, L% — ... — O, LP. g, and w;, u; and v, are independent processes. All error terms
follow the Gaussian i.i.d. normal distribution and cross-sectionally independent for
any t; # ts. Doz, Giannone, and Reichlin (2012) show that under the assumption
of no cross-sectional correlation in the idiosyncratic component, Equation (3.27) can
be estimated by (Quasi) Maximum Likelihood Estimator (MLE) using Expectation
Maximization (EM) algorithm?’. Doz, Giannone, and Reichlin (2011) also propose
a two-step estimator that combines principal component approach with state space
(Kalman filter) representation. These two methods are particularly useful for a large

dimension of variables. The dynamic factors are robust to different extraction methods.

3.6.2 Discussions

We first focus on currency carry trades. The top panel of Table 3.9 below shows the
asset pricing results with GDR and HM Lggry,. The highest interest-rate currencies
load positively on misalignment risk and the low interest-rate currencies offer a hedge
against it. The risk exposures are monotonically increasing with the interest rate
differentials. The cross-sectional R? is very high, about 0.973*. The coefficients of
£, 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 Pricing Error
(MAPE) 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

40Tt is shown to be implementable with large number of variables, also robust to both non-
Gaussianity and weak cross-sectional correlations among the idiosyncratic components (Doz, Gian-
none, and Reichlin, 2012).

4180 do the time-series R?s that are persistently over 0.90 across portfolios.
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Table 3.9 Asset Pricing of Currency Carry Portfolios

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bepr  BERM bepr  berv  AGpr Mg R°  p—value MAPE
Picrr  1.013  -0.349 X2
(0.046) (0.045) | FMB 2380  5.881 0.973 0.208
Pocrr 1060 -0.194 (2.197)  (2.207) (0.976)
(0.052)  (0.059) [2.174] [2.238] [0.976]
P crr 1.007 0.033
(0.040)  (0.045) HJ — dist
Py crr 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)
Pscrr  0.829 0.392 | GM My -0.368 0.879 2.653 6.138  0.932 0.259
(0.047)  (0.050) (0.468) (0.399) (3.406) (2.292)
BeprR  Bsrp bgpr  bsrp  AGDR  AsSrP R? p—value MAPE
Piocpr 0912 -0.288 X2
(0.047) (0.048) | FMB 2387 5422 0.963 0.233
Pocrr 1045  -0.234 (2.186) (2.022) (0.954)
(0.048)  (0.037) [2.174] [1.972] [0.958]
Pycpr 1042 -0.017
(0.050)  (0.028) HJ — dist
Pycrr 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) (L.718) (2.081)
Pscrr  0.896 0.408 | GM M, -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 (/3), and cross-sectional factor loadings (b) and factor
prices (\) 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 Lggra)
and the LFM in the bottom panel adopts skew premium risk (HM Lgrp). 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 (FM B) without a constant in the second-stage regressions (Fama
and MacBeth, 1973), and by fist-stage (GMM;) and iterated (GMMs) 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 Pricing
Error (M APE) are also reported.
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Table 3.10 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 (%) 433 439 201 591 585
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 0.46 025 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 2.70 5.12
Bsrp
Tests Statistics | Portfolios L LM M UM H
Mean (%) 1.75 193 217 244 3.58
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 -0.41 -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—s(%) -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 Lgry (REER misalignment factor), and to HM Lggp (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 Sgras and Bgrp respectively, from September 2005 to
January 2013. The rolling window of 60 months is chosen to obtain stable estimations of Sgprys 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 Sgrar (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% Brrm (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.

model. The forward premia (discounts) are related to macroeconomic fundamentals in

a comprehensive evaluation by the REER misalignment.

In the bottom panel of Table 3.9, we substitute the slope factor with the skew risk
premium 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 x? and H.J — dist tests, with a MAPE of about 23 bps.
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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.

Table 3.10 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 carry trades, their higher moments are not alike those of the currency carry
portfolios. This means sorting currencies by beta with currency misalignment or skew
(crash) risk premia is relevant to but not identical to currency carry trades, which
needs more precise explanations. The global tail risk (GT'I) factor does not possess

much time-series and cross-sectional pricing power on currency carry trades.

We then run a horse race of currency misalignment risk with Menkhoff, Sarno,
Schmeling, and Schrimpf’s (2012a) global FX volatility risk (GVI). As shown in
Table 3.11, only a very little improvement on the cross-sectional R%2. We can still
see monotonicity in risk exposures to HM Lrgy but not to GV I*2, but both b and
A become statistically insignificant from zero. Although currency misalignment risk
cannot dominate volatility risk in explaining the cross section of the excess returns
of currency carry portfolios, it links carry trade risk premia to a single composite
macroeconomic fundamental indicator. When competing with Huang and MacDonald’s
(2013a) global sovereign default risk GSI — AR(1) innovations in aggregate-level
sovereign CDS spreads, the factor loading and price of HM Lgg)s are still statistically
significant while those of GSTI are not (see Table 3.12). In the horse race of currency
skew premium risk (HMLgrp) with GVI and GSI, it dominates GSI in terms
of statistically insignificant in b and A\ while neither GV I or HM Lggrp dominates

42Tn a two-factor linear model of GDR + GV I, the risk exposures to GV I exhibit a monotonic
pattern and the factor price of GV'I is —0.323% and statistically significant.
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Table 3.12 Horse Race: GDR + HM Lggry + GSI

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bepr Berm  Basi bepr berv  basi  Aapr Aerm Agsi  R®  p—wvalue MAPE
Picrr 107 -036  -0.10 %
(0.05) (0.05) (0.30) | FMB 2.38 6.17  -0.40 0.98 0.17
P,crr 118  -0.08 1.76 (2.20) (2.36) (0.25) (0.92)
(0.06) (0.06) (0.46) [2.17] [2.37] [0.23] [0.92]
Pscorr 098 0.00  -0.46
(0.05) (0.04) (0.32) HJ — dist
Pycrr 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)
Pscrr  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 (\) 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 Lgra) and Huang and
MacDonald’s (2013a) global sovereign default (innovations in aggregate-level CDS spreads) risk (GST) 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 (FM B) without a constant in the second-stage regressions (Fama and MacBeth,
1973), and by fist-stage (GM M;) and iterated (GM Mz) 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 Pricing Error (M APE) are also reported.
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in the cross-sectional regression*®. HM Lgry outperforms HM Lggrp in the cross-

t44. These results suggest that high interest-rate currencies share common

sectional tes
characteristics in (overvalued) REER misalignment and (negative/high) skew/crash

risk premium.

Table 3.13 further shows that currency misalignment portfolios are also subject
to speculative (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. However, the reverse is not true that the cross section of skew risk premium

portfolios cannot be explained by currency misalignment risk.

The correlations of the dynamic latent factors between FX trading strategies and
a large set of individual currencies are 0.83, 0.73, and 0.41, respectively (see Figure
3.7). The coincidence indices of FX trading strategies have smaller variations than
those of global currencies because the weighted averages of idiosyncratic components
of individual currencies in portfolios converge to zero. DF} represents the systematic
risk of the global foreign exchange market because most of the individual currencies
share similar loadings on it* while DF2, and DF?, are hedgeable risks as some
currencies load oppositely to the others (see Table 3.14). Safe haven currencies such as
JPY, CHF, and HKD are particularly useful for hedging against the risks embedded
in DF2y and DF} .

Table 3.15 presents the risk attributes and factor structure of the payoffs to
the simple FX trading strategies studied in this chapter. Panel A of Table 3.15
indicates that the payoffs to the strategies trading on interest-rate differentials, currency
misalignments, and skew (speculative) risk premia explain a large proportion of the
variations in DF}g, and DFj#g is closely associated with currency values, crash

sensitivities, and position insurance cost premia® while DF3g is uniquely identified

43The results are not reported but can be provided upon request.

41Gee Huang and MacDonald (2013a) for the horse races of other candidate risk factors.

45 All currencies except for JPY, which has a slightly negative loading, positively load on DFf .

46The correlations between PPV and MCS, PPV and VRP, and VRP and MCS are —0.81, 0.62,
and —0.57, respectively (see Table 3.3).
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Table 3.13 Asset Pricing of Currency Misalignment Portfolios

All Countries with Transaction Costs

Factor Exposures

Factor Prices

Bepr  Bsrp bepr  bsrp  AGDR  Asrp R?  p—value MAPE
Pippu 0.691  -0.213 X2
(0.071)  (0.049) 2319 8560  0.695 0.959
Poppy 0935 -0.016 (2.183)  (4.126) (0.207)
(0.050)  (0.055) [2.174]  [4.139] [0.204]
P; gy 1.087 -0.006
(0.095)  (0.068) HJ — dist
Pyrpym 1.026 0.065 | GMM; -0.380 1.136 2.319 8.560 0.695 0.310 0.959
(0.045)  (0.039) (0.431) (0.506) (1.773) (4.329)
Psppy 1.207 0.202 | GMM, -0.331 1.580 4.993 12.898 -1.878 2.703
(0.084)  (0.060) (0.335) (0.886) (2.118) (5.264)

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 but differ in slope (country-specific) factor, and skew
premium risk (HM Lsgp) 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 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 Pricing Error (M APE) are also
reported.

as the currency momentum payoff (see also the factor loadings on the coincidence
indices of the FX trading strategies in Table 3.14). Panel B of Table 3.15 reports
that DF}g is highly related to volatility, sovereign credit, and global crash (skewness)
risks. The latter two also, to some extent, respectively explains DFZg, and DF3g. It is
noteworthy that government economic policy uncertainty in Europe drives DF}¢ and

DF24 as well.

Table 3.16 below shows the risk attributes and factor structure of the payoffs to
trading global currencies. DF}y is identified as the “market portfolio” — the weighted
average of the excess returns to an investment strategy in global currencies funded by
USD (GDR). 1t is also highly related to currency misalignment, value, and crash

47

sensitivity premia*’, and significantly exposed to global crash (skewness) risk and the

4TThe payoff is highly (0.86) correlated with GDR.
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Figure 3.7 Coincident Indices (Cumulative Wealth) of FX Trading Strategies & Global
Currencies
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This figure shows the factor loadings on three coincidence indices that explain over 90% cross-sectional
variations) of the cumulative wealth (excess returns) to 7 simple currency trading strategies (DFrg),
and to 30 individual currencies (DFry), respectively, both estimated by one-side generalized PCE
(Forni, Hallin, Lippi, and Reichlin, 2005). The sample period is from September 2005 to January
2013.

global component of sovereign credit risk. DF%, reflects the currency carry trades
and skew (speculative) risk premia and has notable exposures to the country-specific
component of sovereign credit and broad market volatility risks. DF3, embodies the
risk associated with position insurance costs of currencies and, to some extent, the
sovereign default risk as well. However, a very large proportion of risk sources remains

mysterious, and it plays an important role in the factor investing structure of global

foreign exchange market.

Given the risk attributes and factor structure of the individual currencies, it is
not surprising that DF%, explains the very large proportions of the cross sections of
currency carry trade (over 90%) and skew risk premium (about 70%) portfolios, while

it is noteworthy that DF} cannot be well explained by any known risk factors in FX
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Table 3.15 Risk Attributes & Factor Structure of the Payoffs to FX Trading Strategies

Panel A: Factor Exposures

TS CRT FBM  MMT PPV MCS  VRP SRP GDR
ADFlg  5.06¥%*  4.98%*  _25] 230 278FRE 109 AT2RRE 4 AR
(0.94)  (042)  (1.52) (1.48) (0.89)  (1.76) (0.76) (0.85)
Adj— R* 0.64  0.83 0.17 0.12 0.37 0.10 0.70 0.61
ADF2g  -246%%%  0.26 0.76  -A7TRRF 262FFF  34FRE ] 52F ] ggRik
(0.83)  (0.65)  (0.80) (0.37) (0.31)  (0.65) (0.86) (0.30)
Adj—R? 023 0.00 0.02 0.80 0.50 0.47 0.11 0.16
ADF3g 0.88 0.55  3.35%% 0.07 0.19 0.31 0.23 0.07
(0.60)  (0.80)  (0.36) (0.71) (0.58)  (0.43) (0.47) (0.62)
Adj—R?>  0.05 0.03 0.81 0.00 0.00 0.01 0.00 0.00

Panel B: Risk Sources

RF AVIX ATED  GSI GVI GSQ  PUW AGPUmy AGPUys
ADFlLg  -L69™*  _4.67F  -28.34%FF  _66.45FFF  _0.72¥%F  _0.06 -3.01 -2.18
(0.33)  (2.74)  (L.73)  (22.96)  (0.14)  (0.05) (2.07) (1.80)
Adj— R?>  0.48 0.02 0.62 0.37 0.35 0.04 0.09 0.08
ADF2 0.22 3.87 -3.02 291 -0.25%FF 001  -1.88%* -0.44
(0.25)  (244)  (3.84)  (1249)  (0.09)  (0.03) (0.85) (0.76)
Adj—R? 0.1 0.02 0.01 0.00 0.07 0.00 0.05 0.01
ADF} 0.07 034 4.60%%*  10.19 -0.06 -0.01 0.03 0.54
(0.20)  (1.24)  (1.45) (8.08) (0.08)  (0.02) (0.88) (0.47)
Adj — R 0.00 0.00 0.04 0.02 0.01 0.01 0.00 0.01

This table reports the time-series asset pricing tests for the risk attributes and factor structure of
the coincidence indices (that explain over 90% cross-sectional variations) of the excess returns to 7
simple FX trading strategies (ADFrg) estimated by one-side generalized PCE (Forni, Hallin, Lippi,
and Reichlin, 2005). 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.

market (only a modest correlation with the payoffs to currency value strategy), but
is able to price the cross section of currency value portfolios with a high R? of 0.913,
monotonic risk exposures, and a statistically significant factor price of 2.715% p.a.*®
(see Table 3.17) — even the high-minus-low factor of currency value portfolios itself
cannot achieve. The model also passes all zero pricing-error tests and has a very small

MAPE of 16 bps. It also explains extra 14% of the cross-sectional variation of global

48Gince the original dynamic factors are not identified, we scale them to match the return-based
series using factor loadings.

129



Table 3.16 Risk Attributes & Factor Structure of the Payoffs to Global Currencies

Panel A: Factor Exposures

TS CRT  FBM  MMT PPV MCS  VRP SRP GDR
ADFLy  437%  8.06%*  -251 J9.65FRE QO8¥KE G RFRK  fhRRE ] 3ok
(2.20)  (0.84)  (3.24) (1.82) (0.54)  (2.04) (1.91) (0.29)
Adj—R®  0.10 0.45 0.04 0.44 0.85 0.23 0.20 0.96
ADFZ,  -3.09%¥% _1.63%%F 157 -1.96* 0.84 084 -259%FF 056
(0.31)  (0.45)  (0.67) (1.00) (0.74)  (1.25) (0.21) (0.71)
Adj— R*  0.51 0.19 0.14 0.19 0.07 0.04 0.45 0.02
ADF3,  -041  -0.76* 0.25 1.o1%* 047 1A2PF 017 0.03
(0.41)  (0.39)  (0.49) (0.41) (0.35)  (0.31) (0.41) (0.63)
Adj— R 0.02 0.10 0.01 0.12 0.05 0.16 0.00 0.00

Panel B: Risk Sources

RF AVIX ATED  GSI GVI GSQ  PUW AGPUpy AGPUys
ADF}y  -2.65%%F 531 -5254FFF 110.96FFF 2 14%FF  _015%  -8.31%* -4.49
(0.65)  (3.71)  (5.01) (38.50) (0.23)  (0.08) (3.84) (3.39)
Adj—R? 024 0.01 0.44 0.21 0.65 0.05 0.14 0.07
ADFZ,  0.73%% 248  1155%%*  24.20%* 0.10 0.01 -0.09 0.91
(0.19)  (270)  (1.72) (11.03) (0.09)  (0.03) (1.10) (0.67)
Adj—R®  0.19 0.01 0.22 0.11 0.01 0.00 0.00 0.03
ADF3, 008  -2.21* 4.45% 7.02 -0.08 -0.01 0.08 0.46
(0.14)  (1.14)  (2.63) (9.85) 0.07)  (0.02) (0.84) (0.66)
Adj—R? 0.1 0.02 0.08 0.02 0.02 0.00 0.00 0.02

This table reports the time-series asset pricing tests for the risk attributes and factor structure of
the coincidence indices (that explain over 90% cross-sectional variations) of the excess returns to 30
individual currencies (ADFrx) estimated by one-side generalized PCE (Forni, Hallin, Lippi, and
Reichlin, 2005). 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.

currencies with a statistically significant factor price of 9.749% p.a.*?, which is a high
risk compensation. So, DF3, is an additional important risk factor omitted in the

literature using the standard portfolio approach.

49The standard deviation of the estimated /\DFfwx is 4.555% using both FM B and fist-stage G M M,
methods.
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Table 3.17 Asset Pricing of Currency Value Portfolios

All Countries with Transaction Costs

Factor Exposures Factor Prices
Bpri, PBprs, bpry,  bprp Apri, Apri, R?>  p—value MAPE
Pippy 0486  0.948 X2
(0.038) (0.178) 2542 2715 0.913 0.164
P, ppy 0921 0.016 (2.050) (1.493) (0.983)
(0.07)  (0.29) [2.057]  [1.559] [0.986]
P;ppy  0.837  -0.006
(0.025) (0.181) HJ —dist
Pyppy 0828 -0.101 | GMM; 0.195 4.598 2.542 2.715 0.913 0.689 0.164
(0.051) (0.202) (0.160) (2.279) (2.154) (1.601)
Psppy 0942  -0.174 | GMM, 0.214 4.495 2.824 2.653 0.815 0.279
(0.027) (0.122) (0.205) (2.580) (2.801) (1.520)

This table reports time-series factor exposures (3), and cross-sectional factor loadings (b) and factor
prices ()) for a linear factor model (LFM) based on the first dynamic factor (ADF#y ) as the intercept
(global) factor, and the third dynamic factor (ADF3 ) as the slope (country-specific) factor. They
are extracted from 30 individual currencies by one-side generalized PCE (Forni, Hallin, Lippi, and
Reichlin, 2005). 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 (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 Pricing Error (M APE) are also reported.

3.7 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. Investments in currencies
that are overpriced to their fundamental equilibrium values, funded by undervalued
currencies is remunerated with a payoff that is similar to carry trades. 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 carry trade excess returns
are driven by currency crash (skew) risk premia. High (low) interest-rate currencies are
likely to have low negative (high positive) skew risk premia, which measure the expected
changes in the likelihood for UIP to hold (crash risk premia of the foreign currencies
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versus USD). The profitability of currency carry trades may not be just driven by
interest rate differentials, as skew risk premia contain valuable ex-ante information
about the future carry trade gains (losses) that lead to an increase (decrease) in
speculative positions. Moreover, the skew risk premium strategy mimics both yield and
exchange rate return components of currency carry trades. Both REER misalignment
and skew (speculative) risk premia explain over 96% of the cross-sectional excess returns
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 the REER misalignment. Skew premium risk is
also priced in the currency portfolios sorted by REER misalignment and explains about
70% of the cross-sectional excess returns, but the reverse is not true. 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, while sovereign default
risk is priced in the cross sections of currency momentum and volatility risk premium

portfolios (see Huang and MacDonald, 2013a).

To examine the crash story of currency risk premia, we employ the copula method to
capture the tail sensitivity of currencies to the global market, and compute the moment
risk premia using a model-free approach with volatility risk premia as the proxy for
downside insurance costs. We find notable risk reversals in currency premia in pre-crisis
and post-crisis periods with respect to both dimensions, and intriguing patterns in the
average excess returns of currency portfolios doubly sorted by these two dimensions.
We then propose a novel trading strategy that makes a trade-off of the time-variation in
risk premia between low and high volatility regimes, and is thereby almost immunized
from risk reversals. It generates a sizable average excess return (6.69% per annum,
higher than other 7 simple currency investment strategies over the sample period) and
an alpha that cannot be explained by canonical risk factors, or by hedge fund and
betting-against-beta risk factors, government policy uncertainty, and other financial
indices. Unlike other currency investment strategies, its cumulative wealth is driven
by both exchange rate and yield components. So, it is actually a currency filtering
procedure that selects high (low) interest-rate currencies that are going to appreciate

(depreciate).
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From the asset allocation perspective, a crash-averse investor would optimally
choose a relatively diversified portfolio by allocating over 40% of the wealth to currency
misalignment strategy over the sample period, about 40% to crash sensitivity strategy
and about 10% to skew risk premium strategy in the tranquil period. While during
the financial turmoil, the investor would be better-off by reallocating his/her portfolio
holdings dramatically to currency volatility risk premium strategy with a weight of over
60% of the wealth. This behavioral pattern is related to the risk-bearing capacity of the
financial intermediaries (Gabaix and Maggiori, 2015), such as market risk sentiment
and funding liquidity constraint during the financial distress. Trading strategies that
exploit the properties such as currency misalignment, crash sensitivity, and moment
risk premia also offer remarkable diversification benefits for risk management purpose
in terms of considerable reductions in conditional value-at-risk (expected shortfall) of

the efficient frontiers.

We also utilize the generalized dynamic factor model to identify an additional
important factor (besides Lustig, Roussanov, and Verdelhan’s (2011) global dollar risk
and forward bias risk return-based factors) that accounts for extra 14% of the cross-
sectional variation in the whole FX market. It is related to the payoff of the currency
strategy trading on volatility risk premia (as the proxy for position insurance costs)
and priced in the cross section of currency value portfolios (explaining over 90% of
the variations). However, it is omitted in the literature using the standard portfolio
approach. The risk attributes and factor structure of the investments in currencies and
relevant strategies are studied. Sovereign credit risk is the key driver to the factors that
capture the common dynamics of the global currencies and also the simple FX trading
strategies studied in this chapter. Beyond the systematic (dollar) risk, there are two
types of diversifiable risks implied in these investment strategies — one is intimately
associated with currency interest rate differentials, REER misalignments, and skew
(speculative) risk premia while the another with highly correlated with currency values,

crash sensitivities, and volatility risk premia.
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Chapter 4

The Term Structure of Exchange
Rate Predictability: Commonality,

Scapegoat, and Disagreement

4.1 Introduction

Numerous empirical studies suggest that exchange rates are notoriously difficult to
forecast (Frankel and Rose, 1995; Kilian, 1999; Berkowitz and Giorgianni, 2001; Faust,
Rogers, and Wright, 2003; Cheung, Chinn, and Pascual, 2005). In particular, it is
evidenced by Meese and Rogoff (1983) that the macro-based structural models can
hardly beat a naive random walk (RW). The macroeconomic fundamentals used by
monetary models are not volatile enough to explain the fluctuations in exchange
rates (Flood and Rose, 1995). Scholars attribute the feeble relationship between
exchange rates and the corresponding determinants to either the I(1) property of
macroeconomic fundamental and the near unity Stochastic Discount Factor (SDF)
(Engel and West, 2005; Engel, Mark, and West, 2007; Sarno and Sojli, 2009), or the
time-varying “scapegoat” effect of exchange rate predictors (Rossi, 2005; Bacchetta
and Van Wincoop, 2013; Fratzscher, Rime, Sarno, and Zinna, 2015). Evans and
Lyons (2002, 2005b) propose that instead of using the publicly available information,

we should focus on the private and superior information implied in the market
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microstructure to forecast exchange rates. FEspecially in the short run, exchange
rates are largely influenced by the speculation, manipulation, and portfolio-balancing
operation of institutional investors (Cheung and Chinn, 2001; Froot and Ramadorai,
2005; Bacchetta and Van Wincoop, 2010; Breedon and Vitale, 2010). Exchange rates
absorb macro news gradually through the arrivals of customer order flows (Evans and
Lyons, 2005a, 2008; Love and Payne, 2008), which are thereby informative about future
exchange rate movements (Lyons, 1995; Payne, 2003; Bjgnnes and Rime, 2005; Killeen,
Lyons, and Moore, 2006). Furthermore, the “price cascade” of stop-loss orders may
lead to the “exchange-rate disconnect puzzle” (Osler, 2005). A model that blends
macroeconomic fundamentals with market microstructure information can outperform

the random walk (Evans, 2010; Chinn and Moore, 2011).

Some other scholars argue that technical indicators also contain valuable predictive
information about exchange rates (Frankel and Froot, 1990; Levich and Thomas, 1993;
LeBaron, 1999; Okunev and White, 2003). The profitability of technical trading rules
may be self-fulfilling (Taylor and Allen, 1992) and cannot be justified by the exposure
to systematic risk (Neely, Weller, and Dittmar, 1997). It takes the advantage of
greater noise-to-signal ratio when the participation rate of the chartists (De Grauwe
and Grimaldi, 2006), or the market volatility (Menkhoff and Taylor, 2007) becomes
higher. Neely, Weller, and Ulrich (2009); Ivanova, Neely, Rapach, and Weller (2014)
show supportive evidence for the adaptive learning (see Lo, 2004, for details) feature
of technical patterns. As a result, Dick and Menkhoff (2013); Neely, Rapach, Tu, and
Zhou (2014) claim that technical indicators should be utilized as a complementary
information set (typically for short-run forecasting) with fundamentalism, which
provides a long-run angle, such as Purchasing Power Parity (PPP) (Taylor, Peel, and
Sarno, 2001), for exchange rate predictions. Moreover, the use of technical analysis is
also related to the informativeness of order clusters (Osler, 2003), which reflect timely

heterogeneous beliefs about the macroeconomy (Rime, Sarno, and Sojli, 2010).

Exchange rate predictability increases with forecasting horizons (Mark, 1995; Mark
and Sul, 2001; Kilian and Taylor, 2003; Groen, 2000, 2005; Rapach and Wohar, 2002,
2004), so does the relative weight attached to fundamental analysis, as opposed to
technical analysis (Taylor and Allen, 1992; Menkhoff and Taylor, 2007). One main
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contribution of our research is that we are the first to investigate the term structure of
exchange rate predictability by decomposing exchange rate returns into carry trade risk
premia and forward premia components. Lustig, Stathopoulos, and Verdelhan (2013)
theoretically derive that the term structure of carry trade risk premia is downward
sloping because investment currencies tend to have low local sovereign term premia
relative to funding currencies. We focus on the term structure of carry component,
from which the predictability origins. In other words, exchange rates over a range of
horizons are driven by common latent factors. We extract term structure factors from
the cross section of carry components, and incorporating these factors into the dynamics
between carry trade excess returns and exchange rate predictors in a time-varying
parameter (TVP) VAR setting. This framework allows us to not only investigate
the projection of predictive information over the forecasting horizons (commonality)
but also track how the carry trade term structure reacts to a large set of scapegoat
variables. We then employ dynamic (Bayesian) model averaging (DMA) method to
handle model uncertainty and forecast the term structure of carry component. Our
term structure model beats random walk in the forecasts up to 12-month horizon in
terms of both statistical (R%,g up to 20%, ARMSE up to 4.5%, and rejection of
equal predictability at 1-month forecasting horizon at up to 5% significance level in
the Diebold-Mariano-West test) and economic (performance fees up to approximately
6.5% per annum for a full spectrum of currency investment management) significance
for 7 most traded currencies. Hedging pressure and liquidity are identified to contain
predictive information that is common to a range of forecasting horizons. Policy-
related predictors are important for short-run forecasts up to 3 months while crash
risk indicators matter for long-run forecasts from 9 months to 12 months. Other
substantial contributions of our research include: (i) from the perspective of foreign
exchange market microstructure, we examine whether or not customer order flows
are informative about the term structure of currency carry trade risk premia; (ii)
we introduce probability weighting into the identification of “scapegoat” drivers of
customer order flows; and (iii) we apply these weights of probabilities to capture model
disagreement and analyze how this regression-based (vis-a-vis survey-based (see Carlin,

Longstaff, and Matoba, 2014)) model uncertainty measure is dynamically related to
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currency risk premia, volatility, and customer order flows, for which Andrei, Carlin,

and Hasler (2014) recently propose a relevant theoretical model.

The rest of this chapter is organized as follows: In Section 4.2, we provide theoretical
foundations for analyzing the term structure of exchange rate predictability wherein
agents with heterogenous beliefs learn and switch empirical models or “scapegoat”
variables. Section 4.3 contains information about the data sets used in this chapter, and
describes the empirical methodologies, i.e. dynamic Nelson-Siegel model, time-varying
parameter estimations, dynamic (Bayesian) model averaging and disagreement. Section
4.4 introduces both economic and statistical evaluations of the our model. Section 4.5
presents detailed discussions on the results, respectively. We draw a conclusion in

Section 4.6. Appendix .C is a complementary appendix.

4.2 Theoretical Foundations

In this section, we provide an overview of the theories of exchange rate determination,
from macro-based models to market microstructure, to support our analysis of the term

structure of exchange rate predictability.

4.2.1 Present Value Model of Exchange Rate Predictability

The present value model (PVM) of Engel and West (2005) that nests many predictive

regressions, exchange rate is described as:

[e.9]

si=(1=m) ) 0 Eilz4-] (4.1)

7=0

where s, is the log of nominal spot exchange rate defined as the foreign price of domestic
currency, z; denotes observed and unobserved exchange rate determinants. We iterate

forward to get:

S = Et[Zt] + 1 i nEt[ASt+1] (42)
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which can be rearranged to give:

(s — Eulzi]) + €0 (4.3)

Aspy =

where e,01 = (1 — 1) >0 0" (Eip1 — Ey)[21414-). Even though z, are identified as I(1)
processes, rather than random walks, it is still difficult to forecast As;,q if 1 is close
to unity. There is very little predictability unless Az; exhibit strong autocorrelations
(see Evans and Lyons, 2005b, for details).

4.2.2 Macro Scope: Models of Exchange Rate Determination

In a standard macro-based model of exchange rate, we have a system of four equations

as follows.

Covered Interest Rate Parity (CIP):

H = sy = a0l )

Uncovered Interest Rate Parity (UIP):

Eylsisr] = £ (4.5)

Purchasing Power Parity (PPP):

pr=s+tm (4.6)

Monetary Fundamentals’ (MOF):

mi—pt =y —r "

My —pr =Yy — ¢ rt(T) (4.7)

"Mark (1995), Mark and Sul (2001) impose additional restriction that the coefficient of output level
equals to unity. The horizon 7 depends on the data frequency.
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In the case that interest rates are set according to a Taylor Rule (TRI):

" =0y + i 4 o

riT) =0, + 917@@ + Qggjy) (4.8)

where ft(T), and rt(T) is the log of forward rate, and domestic nominal risk-free interest

rate (zero-coupon bond yield), respectively, both with a maturity of 7; p;, my, v, gjgf),

and 7rt(T), denotes domestic price level, money supply, national income, 7-period output

gap, and 7-period inflation rate, respectively, all in logarithm forms except for the

. . . . . . . . *
inflation rate. Those with asterisk notations are foreign variables, i.e. rﬁT)’ ., Drs My, Yl

gjf)’*, WET)’*. @, 01, 8 > 0; 0y contains information about the target inflation rate and

the real equilibrium interest rate?. 7 = 1 for monthly observations.

To allow for deviations from UIP based on rational expectations and risk neutrality,
we introduce & as an expectation error and/or risk premium into Equation (4.5). We

substitute Equations (4.4), (4.6) (4.7) into Equation (4.5) to yield the reduced form:

1

- E.[As: 1] (4.9)

[(mf —my) — (Y — ) — @&l +

St

¢
1+¢
Similarly, by introducing real exchange rate targeting 0s[s;— (p; —p;)] and /or interest
rate smoothing 04 [rﬁ){* —rﬁ)l] into Equation (4.8) to formulate an augmented (relative)

Taylor rule, we get:

1 * ~ * ~ *
5= = {0 = 7+ 0ol = 50 + 00— ) }
1465
1 N 1 1
T A ) BlAsw] (410)

Ample empirical evidence finds a weak relationship between nominal exchange

rate and macroeconomic fundamentals. Bacchetta and Van Wincoop (2004) broach

2See Taylor (1993). There is no difference between the actual and the target interest rates as long
as the target is retained (Molodtsova and Papell, 2009).
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a “scapegoat” model with noisy rational expectations to explain the phenomenon of
exchange rate fluctuations. In their model, market participants with heterogeneous
information on the source of exchange rate predictability attribute exchange rate
movements to variables, which are typically taken as “scapegoats”, especially when
there is an unobservable variable affects the exchange rate. As a result, the weights
attached to these variables change over time, and their reduced form relationship
with the exchange rate is driven by the time-varying expectations on the structure

parameters (Bacchetta and Van Wincoop, 2013).

4.2.3 Micro Scope: Uncertainty Aversion, Bayesian Learning,

and Hybrid Models

In the forecasting of exchange rates, investors are confronted with parameter and
model uncertainty. Kozhan and Salmon (2009) find notable uncertainty aversion
in FX market, typically of chartists. Evans, Honkapohja, Sargent, and Williams
(2012) propose an analytical framework that agents equipped with Bayesian techniques
utilize multiple models and a weighted average of forecasts to deal with uncertainty
issues and to form their expectations about the future asset prices. De Grauwe and
Grimaldi (2006) develop a model of the exchange rate in which agents switch FX
trading rules based on the ex-post evaluations of the profitability of each forecasting
model, which gives rise to the fundamental disconnect puzzle. This coincides with the
“scapegoat” theory. Hence, from the perspective of market microstructure, we employ
the Dynamic (Bayesian) Model Averaging (DMA) method of Koop and Korobilis (2012)
to investigate the implied probability weighting of each empirical model or “scapegoat”
variable in customer order flows. Chakraborty and Evans (2008) demonstrate that
perpetual (discount least-squares) learning (Evans and Honkapohja, 2001) can explain
a typical exchange rate behavior — forward premium puzzle (see also Mark, 2009).
Spronk, Verschoor, and Zwinkels (2013) reveal that the interactions between carry
traders and chartists also lead to the violation of UIP, and this impact is strengthened
when chartists extrapolate trends from carry trade activities. Statistical learning of

the chartists also replicates volatility clustering in the FX market (De Grauwe and
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Markiewicz, 2013). All these imply that it is important to consider technical signals in

exchange rate predictions.

The probability of informed trading is a determinant of equilibrium asset returns
(Easley, Hvidkjaer, and O’Hara, 2002). Carlson and Osler (2000) suggest a connection
between speculative activity and exchange rate volatility without relying on information
asymmetry that high (low) level of informed rational speculation magnifies (stabilizes)
the effects of interest rate shocks. Pasquariello and Vega (2007) develop a speculative
trading model with two types of market frictions, information heterogeneity and
imperfect competition among informed traders. They show that the information effect
of order flow becomes stronger when market signals are noisy and belief dispersions are
high. Using a large set of survey data of market participants, MacDonald and Marsh
(1996) identify the idiosyncratic interpretations of relevant information as a major
cause of heterogeneous beliefs that determine trading volume, and Beber, Breedon,
and Buraschi (2010) reveal that heterogeneous beliefs affect currency option prices,
the shape of implied volatility smile, volatility risk premia as the proxy for investors’
hedging demand (see Garleanu, Pedersen, and Poteshman, 2009), and the position-
unwinding risk (see Huang and MacDonald, 2013a) of currency carry trade. Following
this economic intuition, we resort to currency option-implied information, hedging
pressure in futures market, and crash sensitivity to the global market for exchange rate

predictability as well.

To summarize, the recent literature generally holds the point of view that
agents with heterogeneous beliefs learn the probability weighting of each predictor
or forecasting model, and relevant information is partially impounded into prices via

the switching process of FX trading rules.

4.3 Data and Methodology

Our financial data set is obtained from Datastream and Bloomberg, including spot

rates, forward rates and risk-free interest rates® of weekly (1-week, 2-week, and 3-week),

3The zero-coupon bond yields are bootstrapped from short-term money market rates and medium-
to long-term swap rates, which are best parsimonious proxy for risk-free interest rates (Feldhiitter and
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monthly (from 1-month to 11 month consecutively), and annually (1-year) maturities,
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 for EUR (EMU),
GBP (United Kingdom), AUD (Australia), NZD (New Zealand), CHF (Switzerland),
CAD (Canada), and JPY (Japan)?. All Option data are used to construct volatility
risk premia (see Della Corte, Ramadorai, and Sarno, 2013), skew and kurtosis risk
premia (see Huang and MacDonald, 2013b), which contain ex-ante information about
future exchange rate movements and tail risk premium and are denoted by VRP, SRP,
and K RP, respectively. Motivated by the fact that most of the high-yield currencies
are commodity currencies, we choose the Raw Industrial Sub-index of the CRB Spot
Commodity Index (see also Bakshi and Panayotov, 2013), denoted by CRB. We also
adopt CBOE’s VIX index, and T-Bill Eurodollar Spread T'ED Index as the proxies
for global volatility, and liquidity risk, respectively. A currency’s crash sensitivity is
measured by its lower tail dependence on the whole FX market using copula approach as
in Huang and MacDonald (2013b). we acquire data on the positions of currency futures
traders (both commercial and non-commercial) from the Commitment of Traders

(COT) published by the Commodity Futures Trading Commission (CFTC)5.

Our macroeconomic data set is collected from several sources. To measure money
supply, we use non-seasonally adjusted M1% from IMF’s International Financial
Statistics (IFS) and Ecowin’s national central bank database. The money supply
is deseasonalized by implementing the procedure of Gémez and Maravall (2000). We
use seasonally adjusted Industrial Production Index (IPI) also from [FS as the proxy
for real output”. The price level is captured by Consumption Price Index (CPI)
from OECD’s Main Economic Indicators (MEI)®. The output gap is defined as the

Lando, 2008).

4All currencies are against USD except for EUR, GBP, AUD, and NZD that are expressed as the
domestic (U.S.) price of foreign currencies.

5The report only covers the G10 currencies in our sample. The predictive value of the information
content of net hedging positions about future risk premia is inconclusive (see De Roon, Nijman, and
Veld, 2000; Gorton, Hayashi, and Rouwenhorst, 2013, for example).

6Except for the U.K. that adopts MO instead due to the unavailability of M1.

"Since the IPI data of Australia, New Zealand, Switzerland, Hong Kong, Singapore, and South
Africa are only available at quarterly frequency, we obtain additional observations via monthly linear
interpolation.

8We also implement monthly linear interpolation for the CPI data of Australia and New Zealand
that are published at quarterly frequency. The inflation rate is computed as the annual log-difference
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deviations from a Hodrick-Prescott (HP) filter (Hodrick and Prescott, 1997). We
update the HP trend at time ¢ only using the information up to ¢ — 1 to mimic the
real-time data (see Orphanides, 2001; Molodtsova, Nikolsko-Rzhevskyy, and Papell,
2008, for details). All macroeconomic data except for interest rates are converted
by taking logarithms and then multiplying by 100. We further employ Economic
Policy Uncertainty Indices (EPU) available from Federal Reserve Bank of St. Louis’
to investigate the aggregate impact of disagreement among economic forecasters and
media coverage of policy-related uncertainty on future exchange rate movements. In
addition, we employ a unique market microstructure data set that consists of daily
customer order flows from one of the biggest London-based FX dealers. Our sample

period is from January 1994 to February 2014.

4.3.1 Exchange Rate Return Decomposition

We decompose exchange rate returns into carry trade risk premia cgz and forward

premia f” — s, components as below!?:

AT = s — 0+ £7) — s, (4.11)
(7) (7) (7)
Ct:-T ry ey

If domestic risk-free rate is greater (less) than foreign risk-free rate, cii)T is the
(reverse) carry trade excess return of investing in USD funded by foreign currency.
Lustig, Stathopoulos, and Verdelhan (2013) reveal that the term structure of carry
trade risk premia is downward sloping because investment currencies tend to have
low local sovereign term premia relative to funding currencies. Given that the forward
premium component is already known at time ¢, exchange rate predictability originates
from the carry trade risk premia component, which is driven by latent term structure

factors.

of CPIL.

9This series contains U.S., U.K., Europe, Canada, Japan, China, Russia, India. We exclude the
U.K. component from the Europe index.

10The returns of any security can be decomposed in the same way (see also Koijen, Moskowitz,
Pedersen, and Vrugt, 2013).
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4.3.2 Dynamic Nelson-Siegel Model

We extend the exponential component extraction approach of Nelson and Siegel (1987)
to an international setting to model the term structure of risk premia, i.e. each
component of Equation (4.11). For instance, in the circumstance that UIP holds (see
Akram, Rime, and Sarno, 2008), the forward (interest rate differential) component
can be expressed in a form of (relative) level (LY9), slope (SM9), and curvature
(CN9) factors (see Chen and Tsang, 2013). Latent factors of the carry component

are extracted in a similar way:

1— exp (— 1 —exp(—
ch) = L%NS + eX/I\)T( X7) Sivs + eX)}i)T( 7 —exp (—AT) C«i\/S + Ct(T) (4.12)

where ét(T) is the error term; A denotes the exponential decay rate, controls the shapes
of factor loadings. We also follow Diebold and Li (2006) to assume an autoregressive
structure for these factors, which introduces the dynamic Nelson-Siegel (NS) model'!.
We employ Principal Component Analysis (PCA) to determine the number of factors
required to explain the cross-section variation of two exchange rate return components.
The Af for the term structure of forward premia, and the A. for the term structure
of carry trade risk premia is chosen respectively to maximize the loading on 1-month

risk premia in our case. Given that £ — s, or 7" — r{) is already known at

time ¢, we only need to forecast cﬁfT recursively to obtain 7-period ahead carry trade
(excess returns) risk premia component, which determines the statistical accuracy of
exchange rate predictability using extracted term structure factors. We introduce the
factor-augmented empirical exchange rate models that the large set of exchange rate

predictors is unspanned by the term structure of carry trade risk premia, and allows

us to decompose the predictive effects according to the shape of the term structure.

1 Although no-arbitrage condition is theoretically rigorous, it imposes strong over-identification
restrictions and forecasts poorly. Better fit of volatility is at the expense of fitting the cross-section of
yields (Creal and Wu, 2015). Christensen, Diebold, and Rudebusch (2011) propose a slighted restricted
arbitrage-free version of canonical NS model (see Dai and Singleton, 2000; Duffee, 2002) that not only
facilitates estimation but also improves predictive performance. Duffee (2013) demonstrates that
Nelson-Siegel approach and alternative no-arbitrage constraint are equivalent to characterize the term
structure.
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4.3.3 Factor-Augmented Empirical Exchange Rate Models

with Time-Varying Parameters

Given that forecasting carry trade risk premium component is equivalent to forecasting
exchange rate returns, we can investigate the origins and term structure of exchange
rate predictability by incorporating the term structure information of carry trade risk
premia into a joint dynamic framework of exchange rates and “scapegoat” variables,
including those from canonical empirical exchange rate models, in a setting of time-

varying parameter vector autoregression (TVP-VAR):

2 = Bog + Brpzi—r + -+ BuiZi—n + Wy (4.13)

where z, = [LN9 SN CNS 4], consists of three NS factors and a 1 x k vector of
“scapegoat” variables z;. oy is a (k + 3) x 1 vector, and f;; is a (k + 3) x (k + 3)
matrix for i = 1,- -+, n, lag order. u; ~ N(0,3,,), and X, ~ inv W(he, g:). he, and g
denotes the degrees of freedom, and the scale matrix of inverse Wishart distribution,
respectively. g, = 6g;—1 + 1 and by = (1 — g;") ey + gt_l(hiﬁE;ﬁututTEﬁﬁhtlﬁ)
0 € (0,1) is the decay rate and set to 0.95. The estimation for h; is numerically
equivalent to the Exponentially Weighted Moving Average (EWMA) h, = dh; 1+ (1 —
§)ugu, . Doing so, we can approximate the full posterior distribution of ¥, ;. We then
describe the law of motion of the vector of time-varying (8 as ; = [;_1 + v;, where
vy ~ N(0,%,;). Bayesian inference for f3; involves state-space model with Kalman
filter. We set X,; = (p~' — 1) X411 based on the information set ;_; as in
Koop and Korobilis (2013), where p € (0,1] is a “forgetting factor” that discounts
past observations and is set to 0.99. This specification of TVP-VAR with drift in
coefficients and stochastic volatility allows for structural instabilities and regime shifts.
Conducting Bayesian inference entails Markov Chain Monte Carlo (MCMC) technique,
which is computationally onerous especially in a recursive context. Their methodology
provides accurate and efficient estimation that largely boosts the speed. The Bayesian

method to update a vector of coefficients 3; takes the form as below:
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p(ﬁt’Qt) & L(Zt; Bes 2t—1," "+ 3 Zt—n let—l) p(ﬁtmtq)
p(ﬁt’Qtfl) = /P(ﬂtmlzt1>5t1)p(5t1‘9t1) dg; (4-14)

©
where @ is the support of 5;, and 21,1 denotes the data information up to time ¢ — 1.
The solution to the above problem is using Bayesian generalization of Kalman filter
with an algorithm of forward recursions'? (see Koop, Poirier, and Tobias, 2007, for

details).

Castle, Clements, and Hendry (2013) find that factor models perform better at
nowcasts and short-term forecasts while individual predictors excel at forecasts of long
horizons. Using shrinkage estimators, any factor-augmented empirical exchange rate
model that excludes individual predictors essentially collapses to a factor-only model.
The importance of the inclusion of the term structure information of carry trade risk
premia can be verified explicitly through the forecasting performance and implicitly
via the comparisons of probability weighting between factor-only model and factor-
augmented models. This framework also allows us to study the time-varying issue of
unspanned (business cycle and non-fundamental) risks and the feedback effects between
factors and predictors (using impulse response analysis). It is worth accentuating that
we assume, beyond the factors, there is no other sources of predictability — C,;(T) in

Equation (4.12) by z;_,'® as we focus on the information commonality in the term

structure of exchange rate predictability in this chapter.

12This approach is convenient for real-time policy analysis.

13Yet, full/direct factor-augmented forecasts of the carry component (vis-a-vis partial/indirect
forecasts concentrating solely on the common dynamics of the term structure of risk premia) could be
more informative if cov|zs—p, (t(T)] # 0, and it generates economically meaningful horizon-dependent
probability weighting, which only varies with the predictive power of z;_, on Ct(T). Implementing
forecasts beyond 1-month horizon requires recursive forecasts of the term structure factors so that the
DMA probability weighting is optimized at 1-month horizon. In other words, the forecasting power of
the “scapegoat” variables on factors are the same across horizons. Whilst Ct(T) can be forecast by x;_,,
separately from the factor component, although it requires repeated implementations of estimation
procedure for each (carry trade, or equivalently, forecasting) horizon. It is even more flexible because
it nests models without latent factors and also a driftless random walk. As a result, it is compatible
with the kitchen-sink model and can be estimated by various shrinkage methods.
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4.3.4 Dynamic (Bayesian) Model Averaging and Disagree-

ment

The kitchen-sink regression (see Welch and Goyal, 2008) is broached to merge a large set
of predictors into a single predictive regression. However, a model with many regressors
but small sample size is often plagued by parameter estimation errors, which result in
poor predictive performance in terms of mean squared (forecasting) errors (MSE)!,
More sophisticated and efficient shrinkage techniques, e.g. ridge (Hoerl and Kennard,
1970), LASSO™ (Tibshirani, 1996), bagging (Breiman, 1996) and bumping (Tibshirani
and Knight, 1999) regressions, Bayesian model selection (Madigan and Raftery, 1994)
and averaging (Raftery, Madigan, and Hoeting, 1997), elastic net method (Zou and
Hastie, 2005) based on penalized least squares (PLS), and complete subset regressions

(Elliott, Gargano, and Timmermann, 2013), among others, have been advanced to

alleviate the overfitting problem.

Rapach, Strauss, and Zhou (2010) endorse combined forecasting of alternative
predictive regressions because it not only improves predictive preformation (less
volatile) but also is more realistic about the economic activities. Bayesian Model
Averaging (BMA) is a useful tool for forecast combination of various models/variables
(see Avramov, 2002; Cremers, 2002; Wright, 2008; Della Corte, Sarno, and Tsiakas,
2009). We follow the Dynamic Model Averaging (DMA) method of Koop and Korobilis
(2012), which dynamically assigns weights to each empirical model or “scapegoat”
variable using the probabilities updated on the arrival of new information according
to the predictive accuracy. This probability weighting scheme potentially reflects the
switches of forecasting rules, at aggregate level, by the heterogeneous agents who learn
to forecast exchange rates and deal with model uncertainty in an evolving economy.

The posterior probabilities of the coefficients is given by:

14The MSE of an estimator equals to the sum of (i) the variance of residuals and (ii) the MSE of
estimated coefficients (of the predictive variables). The MSE of B can be further decomposed into the
bias and variance of B . The OLS estimator is unbiased but its variance is usually higher than shrinkage
estimators. An extreme case of zero variance is a random walk without drift. Any improvement in the
bias-variance trade-off may lead to a gain in predictive accuracy, even though shrinkage estimators
push all coefficients towards zero.

15Tt is the abbreviation for Least Absolute Shrinkage and Selection Operator.

147



!
p(ﬁt—1|2t—1) = Zp(ﬁj,t—l | Liy =7, Zt—l) Pr(Lt—l = | Zt—l) (4~15)

i=1

where p(f8j4+—1| Li—1 = J, z:—1) is estimated by Kalman filter, and L;_; = j representing
that the j* model /variable is selected at time ¢ — 1.

[Pr(Li—1 = j| z-1)]"
S [Pr(Limy = j | 2-1))

Pr(Lt :] ‘ Zt,1> = (416)
where o € (0,1] is the forgetting factor'® and set to 0.99. The model is then updated
by:

Pr(L, = j| z-1)pj(2i|zi-1)

PI'(Lt :] | Zt) = -
22:1 Pr(Ly = j | 2i-1)pj(2e|zi-1)

(4.17)

where p;(2¢|2;—1) is the predictive likelihood. In addition, we implement Dynamic Mod-
el Selection (DMS) method that chooses the model with best predictive performance
(highest probability weight) at any point of time.

To proceed with Bayesian estimation, we also need to specify the prior distribution.
The shrinkage level of the hyper-parameters of priors is optimally chosen based on
the criteria of Dynamic Prior Selection (DPS) at each point of time. We adopt the
Minnesota class of prior by setting, at time ¢ = 0, the prior expectation of 3; to a
vector of zeroes and the prior variance-covariance matrix X3, to a diagonal matrix

with diagonal elements ¥,y defined as in Koop and Korobilis (2013):

Y /i? for coefficients on lag i wherei =1,--- , n;
i = (4.18)
1 for the intercept, ¢ = 0.
where 1) controls the degree of shrinkage on ;. The larger the v, the lower the shrinkage
level, and hence the more flexible the forecasting results. We consider a reasonable
grid of candidate values: 1071°, 1076, 1074, 574, 0.01, 0.05, 0.1. We also restrict the

maximum value of ¥ to obtain stable estimates of coefficients and dynamically select

1 according to predictive accuracy.

16The advantage of using forgetting factor is no requirement for an MCMC algorithm.
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If there is no disagreement across the models which the agents employ to forecast
exchange rates or carry trade risk premia, the probability weighting of each model will
be equal. Model disagreement may not be a source of forecasting errors. Nevertheless,
as argued by Carlin, Longstaff, and Matoba (2014) and Andrei, Carlin, and Hasler
(2014), model disagreement affects the dynamics of asset prices, return volatility, and
trading volume in the market. Instead of using privilege database, e.g. Survey of
Professional Forecasters, in previous literature to measure model disagreement, we
resort to the DMA probability weighting generated via a Bayesian forecasting error

optimization procedure as a model-implied proxy for the dispersion of forecasts.

2

!
_ 1
MDy = |3 [Pr(Lt =jlu) =7 (4.19)
j=1

~|

We adopt the AR(1) innovations to M D, as a pricing factor, then regress carry trade
excess returns and the AR(1) innovations to FX volatility, respectively, on AM D, to
investigate how increased currency risk premia and volatility are associated with the

degree of model disagreement.

4.3.5 Scapegoat Variables

We consider a wide range of empirical exchange rate models or “scapegoat” variables,
some of them are nested in Engel and West (2005) present value model, including
PPP, p; —p — s¢; MOF, (m} —my) — (yf — y¢) — s¢; and T RI that, for simplicity, we
assume both domestic and foreign countries share the same interest rate and inflation
rate targets, which gives a symmetric!” Taylor rule (in difference form) of 1.5 [\ —

71+ 0.1 [57" = g7, and 7 = 1. CIP and its term structure are captured by the
relative NS yield curve factors (YCF) (Chen and Tsang, 2013)'®. We then extend

17Tt is asymmetric if they have different target. In reality, if central banks also targets the real
exchange rate and/or smooths interest rate, 0.1 (s; + p; — p;) and/or 0.1 [TEZ)T’* - rﬁi] should be
appended to formulate Taylor rules (see Clarida, Gali, and Gertler, 1998; Molodtsova and Papell,
2009, for alternative specifications). Backus, Gavazzoni, Telmer, and Zin (2010) also find empirical
evidence in favour of asymmetric settings.

18The 7-period UIP regression is essentially a constrained version of the factor model, and Chen and
Tsang (2013) find empirical evidence against the restrictions imposed by UIP. One may also consider
Cochrane and Piazzesi (2005, 2009) forward-rate and Ludvigson and Ng (2009) macroeconomic-
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the macro-based model to incorporate signals generated from two types of technical

trading rules, from which most of other popular indicators'® derive, as follows.

Moving Average Convergence Divergence (MACD), in the form of Percentage Price

Oscillate (PPO), as a trend indicator:

EMAt[St, Tl] — EMAt[St, TQ]

DIF, - 100
t EMAt[St, TQ] %
DEA, = EMADIF, T]
HTG, = DIF,— DEA, (4.20)

KDJ Stochastic Oscillator as a momentum and mean reversion indicator:

Kt - EMAt[RSW,T4]
Dt - EMAt[Kt, T5]

where RSV, p, sz, stL,T, and FM A,[-, T] denotes the raw stochastic value, highest high
of s;, lowest low of s;, and exponential moving average, respectively (over a past period
of T); RSV; = (s — s{p.)/(s{'y, — s{p,) - 100%. DIF;, DEA;, and HT G} is the MACD

line, signal line, and histogram, respectively. In a standard daily setting, 77 = 12,

fundamental factors that contain additional information about future yield curve movements and bond
excess returns unspanned by the yield curve factors of most affine term structure models. Ludvigson
and Ng (2009) find that, among a large set of macroeconomic aggregates, real and inflation factors
have significant predictive power, implying the importance of the inclusion of estimated macro factors
to generate countercyclical risk premia. The macro-finance linkage stressing the roles of expectations
and uncertainty in monetary policy, inflation, and output/consumption growth has received much
attention as a driver of bond risk premia (see Ang and Piazzesi, 2003; Buraschi and Jiltsov, 2005;
Piazzesi and Scheider, 2007; Rudebusch and Wu, 2008; Christensen, Lopez, and Rudebusch, 2010;
Chun, 2011; Wright, 2011; Joslin, Priebsch, and Singleton, 2014). Habit formation as in Campbell
and Cochrane (1999) is also a key to understand the time-varying price of risk in the consumption-
based (equilibrium) term structure models of interest rates (see Wachter, 2006; Buraschi and Jiltsov,
2007).

9There is another important type of indicators — bias and volatility measures, such as Bollinger
Band ® (BB) and Commodity Channel Index (CCI). But their information is mostly overlapped by
moving average (trend), momentum and mean-reversion indicators.
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Ty =26, T3 = Ty = 9, and Ty = Ty = 3 trading days?. Shorter or faster MA settings
are essential for using weekly and monthly charts to determine the broad trends, and
daily chart is harnessed for timing entry-exit strategies. Although momentum and
trend following are often used interchangeably in the literature, they contribute to
asset allocation distinctively. Investors can achieve higher returns with momentum

portfolios but lower volatility and drawdown with trend-following strategy.

We go long (short) the home currency against the foreign currency if the MACD line
crosses its signal lines from below (above), and the signal is stronger when accompanied
with a large swing below (above) zero. A positive (negative) MACD indicator means
an increasing upward (downward) momentum. Price reversal can be confirmed by
the bullish (bearish) divergence, particularly a crossover at the resistance (support)
breakout. We simply adopt the trend-strength indicator HT'G,*' as a predictor of
exchange rate returns, denoted by M AT

K, D; € [0,100], while J, can go beyond this range. It gives an overbought
(oversold) signal to establish a short (long) position of USD against the foreign currency
if Ky > 90, Dy > 80, and J; > 100 (K; < 10, Dy < 20, and J; < 0)*2. The market is
in the balance of long-short power when their values are around 50. Similarly, we go
long (short) when K rises above (falls below) D; in the bottom (top) area. We utilize
the features of the KDJ trading rule to construct a predictor of exchange rate returns

MMR:

MMRt = [QOMMT(Kt — Dt) + <pMRV(1OO — Jt)LOB —f- QOMR‘/(O — Jt)LOS] . 100% (422)

where 1pop equals to 1 if J; > 100 and 0 otherwise, and tpg equals to 1 if J; < 0,

20For MACD, given that the setting of “5/35/5” has shorter short-term MA and longer long-term
MA, it is more sensitive than that of “12/26/9”. Less sensitive setting results in less frequent crossovers.
For KJD, Ty can be selected within the range from 5 to 14.

2nvestors should be aware of the whipsaws, which usually generate false or lagging signals. To
mitigate this problem, we resort to the PPO approach.

221t is similar to Relative Strength Indicator (RSI) but more sophisticated and performs better,
particularly in the identification of overbought and oversold levels, at which MACD does not excel.
However, KDJ indicator normally becomes insensitive at high or low level of values owing to its high
sensitivity to price changes.
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and 0 otherwise; @pryr, and @y gy measures the persistence of momentum, and the
rate of mean reversion, respectively. K; and D; are not as sensitive as J; to the
overbought /oversold activities, and the corresponding crossovers are more robust for
the identification of trends. When an overbought/oversold signal is generated, the

mean-reversion component tends to offset or even dominate the momentum component.

We further consider option-implied information and crash sensitivity from the
perspective of quantitative risk management. Specifically, the volatility risk premium
(VRP,) as a measure of hedging demand imbalances (Garleanu, Pedersen, and
Poteshman, 2009), and hence can be interpreted as a proxy for (relative) downside
insurance cost (Della Corte, Ramadorai, and Sarno, 2013). According to Huang and
MacDonald (2013b), the skew risk premium (SRP;) measures the expected change in
the probability of UIP to hold, and therefore can be interpreted as a proxy for crash
risk premia of investment currencies relative to funding currencies, and the kurtosis
risk premium (K RP;) naturally reflects tail risk premium. The formula for moment
risk premia is given by: MRP, = EF[RM,] — E2[RM,], where EF[-], EX[-] is the
conditional expectation operator under physical measure P, and risk-neutral measure
Q, respectively. Hence, the moment risk premia are computed as the realized moment?

subtracted by model-free option-implied moment (see Carr and Wu, 2009; Kozhan,

Neuberger, and Schneider, 2013; Huang and MacDonald, 2013b, for details).

Copula (lower) tail dependence C'T'D; between the returns of a currency and that

of the global FX market as a measure of the crash sensitivity:

Pr(FX < FiL (¢, MKT < F;}
CTD, = lim r( > FX,t(q) > MKT,t(q>) — lim Ci(q,q)

4.23
q—0t Pr (MKT S FJQIKT,t(Q)) q—0t q ( )

where F;! is the inverse function of continuous marginal distribution, C; is the copula
function that captures the joint distribution between two margins, and quantile ¢ =
10% (see Huang and MacDonald, 2013b). ACT D; is taken as a predictor of exchange
rate returns, denoted by T'C'S.

2Neuberger (2012) shows that skewness is not integrable. Thus, we use monthly skew of daily
returns as the proxy for realized skew.
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In the COT report of CFTC, we measure the hedging pressure in currency futures
market HPF; of commercial (HPF,;) and non-commercial (HPFy;) traders as the
difference between short and long futures positions normalized by the sum of these

positions?*:

HPFS — HPF}
HPF?, + HPFL,

HPF, = (4.24)

and winsorize it at 99%. The aggregate hedging pressure is the sum of both
commercial and speculative components as in Acharya, Lochstoer, and Ramadorai
(2013). Other “scapegoat” variables we consider are: the past 3-month average changes
(see also Bakshi and Panayotov, 2013) in commodity ACRB;, volatility AVIX,, and
liquidity AT E D, indices. As for country-specific economic policy uncertainty indicators

AFEPU,;, we adopt 1-month changes in the indices.

4.3.6 Customer Order Flows

Customer order flows contain predictive information about future exchange rate
movements (Evans and Lyons, 2002, 2005b). Order flow imbalances (as a measure of net
buying/selling pressure) is informative about the yield curve without announcements
and the effect becomes stronger and permanent when market liquidity is low (Brandt
and Kavajecz, 2004). From the foreign exchange market microstructure perspective,
it is of paramount importance to investigate the secret (unobservable) content of the
private information about the term structure (factors) of currency carry trade risk
premia (T'SF;), the yield curve and other “scapegoat” drivers. A direct solution is to
test the relationship between customer order flows and the Nelson-Siegel latent factors,
and dynamically weighted (by forecast performance-driven probability) “scapegoat”

variables or empirical exchange rate models.

TSFi=wi®+ ol o, +@s® 01 +v1° (4.25)

241f the normalization (denominator) of the net position equals to zero, we use the non-zero value
of previous period.
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k
0y = Wy + Zw}gG Pr(Li=j|2) -z, +v° (4.26)
j=1

0y = wy'P + wP - AMD; + @w)'P? - AMD,;_; + v}MP (4.27)

where o; denotes the aggregate order flow, which can be disaggregated into o/, o¢¢

of'*' and of’® — order flows from asset managers, corporate (commercial) clients, hedge
funds, and private clients, respectively. Asset managers and hedge funds are typical
financial clients. Equation (4.25) examines the predictive power of customer order flows
on the term structure of currency carry trade excess returns. We do not use a lag in
Equation (4.26) because z; are publicly observable and customer order flows are driven
by both public and private information. If the coefficients of model disagreement are
statistically significant, Equation (4.27) indicates that model uncertainty drives and/or
predicts trading activities. Risk-averse market participants may reduce their exposures

to model risk and shift their inventories to assets with low model risk. Thus, it is

reasonable to expect negative coefficients.

4.4 Evaluation of the Term Structure of Exchange

Rate Predictability

In this section, we evaluate both statistical and economic significance of the out-
of-sample forecasts (see also Della Corte, Sarno, and Thornton, 2008) of the term
structure of exchange rate predictability with a large set of empirical models or
potential “scapegoat” variables using DMA approach in comparison with the best

known alternative model, random walk without drift?®, as a parsimonious benchmark.

ZEngel and Hamilton (1990); Engel, Mark, and West (2007) find that driftless random walk is a
better forecaster than random walk with drift.

154



4.4.1 Statistical Accuracy

We assess the term structure of exchange rate predictability via a series of pseudo out-
of-sample forecasting exercise as in Stock and Watson (2003). We compute Campbell
and Thompson (2008) out—of—sample R-squared (R%,4) which compares unconditional

T-step-ahead RW forecasts A5 with conditional T-step-ahead DMA forecasts of

t+ It

our factor-augmented empirical exchange rate model with time-varying parameters,

Toos—7 (A (1) A 2
Zt:TIS+T St4r — St+7-|t

ZTOOS*T A (1) A 2
t=Trs+7 St4r St-i—Tlt

(4.28)

The number of forecasts made by the term structure model of exchange rate
predictability is Tr = Toos — T1s — 7. The in-sample (out-of-sample) period is from
January 1994 to January 2004 (February 2004 to February 2014). We then compute
the difference of Root Mean Squared Error (RMSE) between our term structure model

and parsimonious benchmark RW as in Welch and Goyal (2008):

2 2

Sregs (A —asD,) | S (s - asT,)

ARMSE = —
Tr Tk

(4.29)

A positive R%,4 or ARMSE implies that our alternative model outperforms the
benchmark RW. We also use the Diebold-Mariano-West test for comparison of two

non-nested models?® with mean quadratic loss differential:

26Clark and McCracken (2001), McCracken (2007) illuminate that although the statistics of Diebold
and Mariano (1995) and West (1996) perform well in the tests for equal predictability of non-nested
models, they severely underestimate the critical values when used for comparing nested models owing
to the fact that they do not have a standard normal distribution. To correct this distortion, Clark and
McCracken (2001), McCracken (2007) derive non-standard asymptotic distributions for a number of
statistical tests on nested models. If the alternative models are not correctly specified, the forecasting
errors will be serially correlated and exhibit conditional heteroskedasticity. These methods cannot
numerically generate asymptotic critical values, so we must resort to a bootstrapping procedure to
compute valid critical values. When estimating a vector of parameters, some of which may not help
to forecast, we inevitably introduce noise into the forecasting procedures. In this case, the M SFE is
expected to be greater than that of a RW. As a result, we may reach a conclusion in favour of the
null hypothesis of equal predictability of two nested models. Clark and West (2006, 2007) suggest to
modify the M SFE.
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T

The statistic for the null hypothesis of equal predictive accuracy under the

assumptions of E[d;] = pq; 03, < 00; and cov(dy, d;—.] = I(7), Vt:

d
DMW = -~ % N(0,1) (4.31)

ayg,
where 04 = \/b(0)/Tr and b(0) is a consistent estimator of the loss differential
spectrum at frequency zero. We reject the null hypothesis (in favour of our term
structure model) at 1%, 5%, or 10% significant level with a p—wvalue of DMW statistic

lower than 0.01, 0.05, or 0.10, respectively.

4.4.2 FEconomic Value

We assess the economic value of our model in a mean-variance dynamic asset allocation
framework®” that exploits the term structure of exchange rate predictability. We
consider a U.S. investor who dynamically rebalances his/her international bond
portfolio at monthly or at a lower frequency. The only risk he/she is exposed to is
currency risk. The U.S. investor updates the optimal weights according to the expected
T-period-ahead FX returns predicted by the factor-augmented empirical exchange rate
model, which offers a projection of information structure via return decomposition.
This design allows us to study which forecasting horizon and portfolio rebalance
solution yields a better asset allocation result than RW. In active currency management,
investors often focus on a strategy that maximizes expected excess return ji, ¢y, for a

given target of conditional volatility &,,:

27See also Abhyankar, Sarno, and Valente (2005); Thornton and Valente (2012); Sarno, Schneider,
and Wagner (2014); Gargano, Pettenuzzo, and Timmermann (2014).
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HL%X Hptt+r = EUREt[ASgQ)T] + rt(m*)/ + (- wfiw Tt(T) B é:-)/

Foreign Investment Domestic Investment  Benchmark

s.t. 5'2 = thEt—i-ﬂt Wt (432)

where Y, -; is the conditional variance-covariance matrix of exchange rate returns
using information at time ¢, which entails modeling the dynamics of return volatilities
and correlations then forecasting using the information available at time ¢. We assume
that X -, = >, the unconditional variance-covariance matrix using the information
available at time t*®. Both RW and our term structure model share the same variance-
covariance matrix specification for reasons of comparison. Then the optimal weights
vary with the forecasting models only to the extent that predictive regressions produce
better forecasts of carry trade risk premia and exchange rate returns. wy, Et[Asng},
and rgT)’* are all K x 1 vectors, ¢ is a K X 1 vector with all elements equal to unity, and
rt(T) is a scalar. Exchange rate in this framework is defined as the domestic value (USD)

of foreign currency, so-called “direct quote”. The solution of the above problem faced

by a representative agent gives the optimal weight matrix of risky assets (currencies):

o - T
Wr = 7% ’ ZtJrlT\t B, [C§+)r] (4.33)
where ¢ = E[c\7]T S B (€], and E[cdl7] = E[AsT ] + +7" — {7 under

direct quote. Then this framework can be simplified to match the forecasts of the
term structure of carry trade risk premia so that measuring the economic value of
the carry component predictability is equivalent to measuring that of the exchange
rate predictability. This leads to an optimal portfolio on the efficient frontier. The
performance fee is a measure of economic values to investors introduced by Fleming,
Kirby, and Ostdiek (2001, 2003) in evaluating portfolio management. More accurate

forecasts result in better portfolio rebalance decisions, and therefore better asset

28We find that the forecasting performances are robust to the specification of volatility and cor-
relation dynamics, such as Asymmetric Dynamic Conditional Correlation (A-DCC) model developed
by Cappiello, Engle, and Sheppard (2006), and volatility-correlation timing improves asset allocation
results.

157



allocation performance under mean-variance scheme.

The maximum performance fee is determined by a state when a representative
agent with a quadratic utility of wealth is indifferent between using term structure
(TS) predictive regressions and assuming RW in asset allocation. A performance fee
lower than this threshold induces investors to switch from a RW to the alternative TS
model. The maximum performance fee F is estimated by satisfying the out-of-sample

condition of average utility with relative risk aversion (RRA) ~ as below:

(U = F) = g s (0 = 77
t=Trs+7 2(1 * 7)
Toi—’r [ ’Y
D S R (1.3)
t=Trs+T1 2(1 - /Y)

Goetzmann, Ingersoll, Spiegel, and Welch (2007) further define a manipulation-

proof performance measure P robust to return distributions as follows:

Toos—T TS 1=y
1 LS L+ pipisr

1—=x t=Trgir \ L+ 74
Toos—T RW 1=y
1 1 14 pRW
S| > (%) (4.35)
-7 Foy s \ 1+ 7y

It does not require to specify a utility function but shares the same economic
intuition as the maximum performance fee. We can interpret it as certainty equivalent
portfolio excess returns. Both F and P are reported in percentage. We also report
performance measures such as Sharpe ratio SR and Sortino ratio SRpr?°. Transaction

cost is adjusted by time-varying bid-ask spread.

Moreover, besides active trading in currency market to acquire absolute returns, we

extend this framework for passive, tactic (dynamic portfolio rebalance in anticipation of

29Gharpe ratio tends to overestimate the conditional risk of dynamic strategies, and thus
underestimate the performance (see also Marquering and Verbeek, 2004; Han, 2006).
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downside risk or the presence of a large deviation of the forecast made 7-period ago from
the updated forecast at each time of review), and strategic (semi-annual or quarterly

portfolio rebalance with a long-term investment objective) currency management. The

()

1o 15 that it allows

beauty of our term structure model of carry trade risk premia c
us to further compute the implied forecasts of exchange rate (log) returns at any time

interval of the future 7 period:

=1 AT T ~A(T—1 T—1
ASEJr)ﬂt = <C7E+)T|t + ft( ) 3t> - <C§+r—)1\t + ft( ) 3t>

As asgl
(T A(T—1 T T—1
- <C1E+)T|t - CE+T_)1|t) + <ft ) - ft( )> (4.36)

4.5 Empirical Results and Discussion

4.5.1 Preliminary Analysis

Figure 4.1. shows the term structure of the forward points with maturities from 1-week
to l-year (raw data) we utilize to decompose exchange rate returns. We annualize the
carry trade risk premium component for the extraction of term structure factor, which
is our forecasting focus at any time ¢. Once the forecasts of the term structure of carry
component is done, we match them with the term structure of forward component
already known at time ¢ to obtain the forecasts of the term structure of exchange rate

returns.

The descriptive statistics of the term structure of carry trade risk premia are
shown in Figure 4.2. Both the mean and standard deviation of the carry trade
risk premia, the excess returns of investments in foreign currencies financed by USD,
are downward sloping, e.g. EURUSD, GBPUSD, AUDUSD, and NZDUSD. As for
USDCHF, USDCAD, and USDJPY, the shape of the mean (and skewness) should be

inversed.
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Figure 4.1 The Term Structure of Forward Risk Premia
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This figure shows the term structure of forward risk premia of G10 currencies (EURUSD, GBPUSD,
AUDUSD, NZDUSD, USDCHF, USDCAD, USDJPY, excluding USDSEK and USDNOK) from 1-
week to l-year (raw data). For the extraction of term structure factors, the data are annualized.
The sample is from January 1994 (except for EURUSD which is available from December 1998) to
February 2014 (Tick Label: End of Year).

We extract the Nelson-Siegel factors from the term structure of the carry compo-
nent. As shown in Figure 4.3 below, all level, slope, and curvature factors experience
dramatic fluctuations during the global financial crises, especially the recent Subprime
Mortgage Crisis. For investment currencies such as AUD, there are sudden shoots up
in the level factors (levels of risk premia) followed by plummets into the negative-value
zone after the outbreak of Lehman Brothers’ bankruptcy, while the slope factors rise
up and remain in the positive-value zone during the crisis, implying that the term
structure of risk premia is reversed. Vice versa for the funding currencies such as JPY.

This situation lasts until the mid of 2009.

Figure 4.4. provides the time-series and cross-sectional goodness of fit of the

term structure of carry components with contemporaneous Nelson-Siegel factors and
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Figure 4.2 The Term Structure of Carry Trade Risk Premia: Descriptive Statistics
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This figure shows the descriptive statistics for the term structure of carry trade risk premia of G10
currencies (EURUSD, GBPUSD, AUDUSD, NZDUSD, USDCHF, USDCAD, USDJPY, excluding
USDSEK and USDNOK) from 1-week to 1-year (annualized data). The sample is from January 1994
(except for EURUSD which is available from December 1998) to February 2014.

scapegoats. The Nelson-Siegel factors, on average, capture over 90% variations of
the whole term structure across all studied currencies, and in particular, over 99%
variations in 1-month carry trade risk premia. The scapegoats barely explain the
remaining variations of the term structure (with an average adjusted R? lower than 1%
across all 7 currencies). However, they seem to play a role in the long end (12-month

horizon) of the curve in terms of an adjusted R? over 3%.

Figure C.1., Figure C.2., Figure C.3., Figure C.4., Figure C.5., Figure C.6., and
Figure C.7. in Appendix .C reveal the probability weighting of each empirical exchange
rate model or “scapegoat” variable in forecasting the term structure of currency carry
trade risk premia. We find that, for all currencies studied in this chapter, the term
structure model (factors only) without any other predictors only accounts for a small

proportion of the total weight of probability in the forecasts of the term structure of
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Figure 4.3 The Term Structure of Carry Trade Risk Premia: Nelson-Siegel Factors
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This figure shows the Nelson-Siegel factors extracted from the term structure of carry trade risk
premia of G10 currencies (EURUSD, GBPUSD, AUDUSD, NZDUSD, USDCHF, USDCAD, USDJPY,
excluding USDSEK and USDNOK) from 1-week to 1-year (annualized data). The sample is from
January 1994 (except for EURUSD which is available from December 1998) to February 2014. Tick
Label: End of Year.

carry component, and the weight drops remarkably after the crisis, indicating that the
empirical exchange rate models or “scapegoat” variables, especially the model of yield
curve factors, pick up weights in the financial turmoil and become more important in

the dynamics with term structure factors. We select some stylized predictors of the

term structure of carry trade risk premia to discuss.

4.5.2 Term-Structural Effects of Exchange Rate Predictors

Figure 4.5. demonstrates the time-varying effects of exchange rate predictors on the
term structure of carry trade risk premium component of EURUSD. After the crisis,
Taylor rule (T'RI), volatility risk premia as the proxy for position insurance cost

(VRP), and economic policy uncertainty (EPU) pick up weights considerably and
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Figure 4.4 The Time-Series & Cross-Sectional (Contemporaneous) Goodness of Fit
with Nelson-Siegel Factors & Scapegoats

This figure shows the time-series and cross-sectional variations in the term structure of carry trade
risk premia of G10 currencies (EURUSD, GBPUSD, AUDUSD, NZDUSD, USDCHF, USDCAD,
USDJPY, excluding USDSEK and USDNOK) from 1-month to 12-month (annualized data) explained
by contemporaneous Nelson-Siegel factors (cyan), and by scapegoats (magenta) additionally, which
capture some additional variations.

they all exert positive impacts on the level factor except for TRI. Both commodity
risk (CRB) and EPU raise the short-term risk premia more than the long-term risk

premia.

Both moving average trend (M AT') and hedging pressure in futures market (H PF)
play pivotal roles in forecasting the term structure of carry component of GBPUSD and
impose positive effects on both level and slope factors, lifting up the short-term side of
risk premia relative to the long-term side (see Figure 4.6.). After the crisis, C RB rises

remarkably as a key predictor with a negative effect on the level of risk premia.

MAT as a predictor of the term structure of AUDSUD carry trade risk premia
lowers the future level of risk premia and flattens the slope of the term structure, with
a sudden drop and a quick rebound during the crisis. After the crisis, the impacts

of VRP on the level and slope factors become persistently positive, and the effect of
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Figure 4.5 Time-Varying Effects of Exchange Rate Predictors on the Term Structure
of Carry Trade Risk Premia (Out-of Sample): EUR
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This figure shows the Bayesian time-varying parameters (measuring the effects on the Nelson-
Siegel level & slope factors) to the most influential (selected based on the significance and stability
of the corresponding probability weighting) exchange rate predictors, including Macroeconomic
Fundamentals: Purchasing Power Parity (PPP), Monetary Fundamentals (MOF), Taylor Rule (TRI);
Technical Indicators: MACD Trend Indicator (MAT), KDJ Momentum & Mean-Reversion Indicator
(MMR); Option-implied Information: Volatility Risk Premia (Insurance Cost, VRP), Skew Risk
Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based Crash Sensitivity (TCS) and Hedging
Pressure in Futures Market (HPF); Volatility Risk (VIX), Liquidity Risk (TED), Commodity Risk
(CRB), Economic Policy Uncertainty (EPU) indices, and relative Yield Curve Factors (YCF), in the
forecasting of the term structure of carry trade risk premia for EURUSD via implementing the Dynamic
Model Averaging (DMA) procedure of Koop and Korobilis (2012). The dash lines surrounding the
posterior mean plots present 95% frequentist confidence intervals.

CRB on the level of risk premia declines notably and becomes negative, and this effect
emphasizes the short-term risk premia relative to the long-term risk premia after the

crisis (see Figure 4.7.).

T RI tends to drive up the level of risk premia and its flattening effect on the slope
of the term structure of NZDUSD carry trade risk premia becomes smaller after the
crisis. The influences of VRP have been diminishing in the past decade. M AT picks
up weight significantly after the crisis, and negatively affects both the level and slope
factors. The impacts of CRB on these factors are similar to the case of AUDUSD (see
Figure 4.8.) as they are both characterized by commodity currencies.
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Figure 4.6 Time-Varying Effects of Exchange Rate Predictors on the Term Structure
of Carry Trade Risk Premia (Out-of Sample): GBP
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This figure shows the Bayesian time-varying parameters (measuring the effects on the Nelson-
Siegel level & slope factors) to the most influential (selected based on the significance and stability
of the corresponding probability weighting) exchange rate predictors, including Macroeconomic
Fundamentals: Purchasing Power Parity (PPP), Monetary Fundamentals (MOF), Taylor Rule (TRI);
Technical Indicators: MACD Trend Indicator (MAT), KDJ Momentum & Mean-Reversion Indicator
(MMR); Option-implied Information: Volatility Risk Premia (Insurance Cost, VRP), Skew Risk
Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based Crash Sensitivity (TCS) and Hedging
Pressure in Futures Market (HPF); Volatility Risk (VIX), Liquidity Risk (TED), Commodity Risk
(CRB), Economic Policy Uncertainty (EPU) indices, and relative Yield Curve Factors (YCF), in the
forecasting of the term structure of carry trade risk premia for GBPUSD via implementing the Dynamic
Model Averaging (DMA) procedure of Koop and Korobilis (2012). The dash lines surrounding the
posterior mean plots present 95% frequentist confidence intervals.
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Figure 4.7 Time-Varying Effects of Exchange Rate Predictors on the Term Structure
of Carry Trade Risk Premia (Out-of Sample): AUD
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This figure shows the Bayesian time-varying parameters (measuring the effects on the Nelson-
Siegel level & slope factors) to the most influential (selected based on the significance and stability
of the corresponding probability weighting) exchange rate predictors, including Macroeconomic
Fundamentals: Purchasing Power Parity (PPP), Monetary Fundamentals (MOF), Taylor Rule (TRI);
Technical Indicators: MACD Trend Indicator (MAT), KDJ Momentum & Mean-Reversion Indicator
(MMR); Option-implied Information: Volatility Risk Premia (Insurance Cost, VRP), Skew Risk
Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based Crash Sensitivity (TCS) and Hedging
Pressure in Futures Market (HPF); Volatility Risk (VIX), Liquidity Risk (TED), Commodity Risk
(CRB) indices, and relative Yield Curve Factors (YCF), in the forecasting of the term structure of carry
trade risk premia for AUDUSD via implementing the Dynamic Model Averaging (DMA) procedure
of Koop and Korobilis (2012). The Economic Policy Uncertainty (EPU) index is not available for
AUDUSD. The dash lines surrounding the posterior mean plots present 95% frequentist confidence

intervals.
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Figure 4.8 Time-Varying Effects of Exchange Rate Predictors on the Term Structure
of Carry Trade Risk Premia (Out-of Sample): NZD

x10° TRI - Level TRI - Slope
4 - T 0.02 T
21 - - - - o ot > - ST T
of SR e -
‘ / T -0.02 T B
=2f P S / i~ -
_4 =~ L L _004 L L
2000 2005 2010 2015 2000 2005 2010 2015
x10° MAT - Level MAT - Slope
y . . —— 0.02 .
Y ’ - - B Or N - =
e '¥77,—7,’—~' N “ e 1 ~0.02 i’ﬁ: i ,:;"‘: — 77t
60 eyt T DT 1 004}~ <~ T T .
~Vey \
-8 ‘ ‘ -0.06 : :
2000 2005 2010 2015 2000 2005 2010 2015
x10° VRP - Level VRP - Slope
‘ - T 0.02 T
S » - I A T
. - of B B
o, > T T o T e O~
" . o K / —— ==
A (T e T -0.02 /- O L
_5 aS L L _004 L L
2000 2005 2010 2015 2000 2005 2010 2015
x10° CRB - Level CRE - Slope
[ ‘ ~ 0.047 :
N NI
2f o : 1 -
5 P TN — v s 0.02F e T A -
of : ] e —
ol e T - L 0 T T
-4 . . ~0.02 . .
2000 2005 2010 2015 2000 2005 2010 2015

This figure shows the Bayesian time-varying parameters (measuring the effects on the Nelson-
Siegel level & slope factors) to the most influential (selected based on the significance and stability
of the corresponding probability weighting) exchange rate predictors, including Macroeconomic
Fundamentals: Purchasing Power Parity (PPP), Monetary Fundamentals (MOF'), Taylor Rule (TRI);
Technical Indicators: MACD Trend Indicator (MAT), KDJ Momentum & Mean-Reversion Indicator
(MMR); Option-implied Information: Volatility Risk Premia (Insurance Cost, VRP), Skew Risk
Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based Crash Sensitivity (TCS) and Hedging
Pressure in Futures Market (HPF); Volatility Risk (VIX), Liquidity Risk (TED), Commodity Risk
(CRB) indices, and relative Yield Curve Factors (YCF), in the forecasting of the term structure of carry
trade risk premia for NZDUSD via implementing the Dynamic Model Averaging (DMA) procedure
of Koop and Korobilis (2012). The Economic Policy Uncertainty (EPU) index is not available for
NZDUSD. The dash lines surrounding the posterior mean plots present 95% frequentist confidence
intervals.
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Before the NBER recession period, a substantial weight is attached to purchasing
power parity (PPP) in the forecasts of the term structure of USDCHF carry trade
risk premia. The influences of PPP, V RP, the copula-based tail dependence measure
of crash sensitivity (7°C'S), and CRB on the level and slope factors have also been
diminishing in the past decade. After the outbreak of European Debt Crisis, CRB
positively affects the level of risk premia while T'C'S tilts the slope of the term structure
(see Figure 4.9.).

Figure 4.9 Time-Varying Effects of Exchange Rate Predictors on the Term Structure
of Carry Trade Risk Premia (Out-of Sample): CHF
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This figure shows the Bayesian time-varying parameters (measuring the effects on the Nelson-
Siegel level & slope factors) to the most influential (selected based on the significance and stability
of the corresponding probability weighting) exchange rate predictors, including Macroeconomic
Fundamentals: Purchasing Power Parity (PPP), Monetary Fundamentals (MOF), Taylor Rule (TRI);
Technical Indicators: MACD Trend Indicator (MAT), KDJ Momentum & Mean-Reversion Indicator
(MMR); Option-implied Information: Volatility Risk Premia (Insurance Cost, VRP), Skew Risk
Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based Crash Sensitivity (TCS) and Hedging
Pressure in Futures Market (HPF); Volatility Risk (VIX), Liquidity Risk (TED), Commodity Risk
(CRB) indices, and relative Yield Curve Factors (YCF), in the forecasting of the term structure of carry
trade risk premia for USDCHF via implementing the Dynamic Model Averaging (DMA) procedure
of Koop and Korobilis (2012). The Economic Policy Uncertainty (EPU) index is not available for
USDCHF. The dash lines surrounding the posterior mean plots present 95% frequentist confidence
intervals.
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Monetary fundamentals (MOF), V RP, volatility risk (VIX), and liquidity risk
(TED) pick up substantial weights after the crisis in the forecasts of the term structure
of USDCAD carry trade risk premia. M AT lowers the future level of risk premia and
tilts the slope of the term structure. In particular, the impacts VIX and TED are
stronger (in magnitude) after the crisis. EPU also negatively affects the level and slope
factors, but its impact on the slope of the term structure gradually becomes smaller

after the crisis (see Figure 4.10.).

Figure 4.10 Time-Varying Effects of Exchange Rate Predictors on the Term Structure
of Carry Trade Risk Premia (Out-of Sample): CAD
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This figure shows the Bayesian time-varying parameters (measuring the effects on the Nelson-
Siegel level & slope factors) to the most influential (selected based on the significance and stability
of the corresponding probability weighting) exchange rate predictors, including Macroeconomic
Fundamentals: Purchasing Power Parity (PPP), Monetary Fundamentals (MOF), Taylor Rule (TRI);
Technical Indicators: MACD Trend Indicator (MAT), KDJ Momentum & Mean-Reversion Indicator
(MMR); Option-implied Information: Volatility Risk Premia (Insurance Cost, VRP), Skew Risk
Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based Crash Sensitivity (TCS) and Hedging
Pressure in Futures Market (HPF); Volatility Risk (VIX), Liquidity Risk (TED), Commodity Risk
(CRB), Economic Policy Uncertainty (EPU) indices, and relative Yield Curve Factors (YCF), in
the forecasting of the term structure of carry trade risk premia for USDCAD via implementing
the Dynamic Model Averaging (DMA) procedure of Koop and Korobilis (2012). The dash lines
surrounding the posterior mean plots present 95% frequentist confidence intervals.
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PPP, TRI, and CRB account for large proportions of the probability weighting
in the forecasts of the term structure of USDJPY carry trade risk premia, and PPP
raises the level of risk premia. The predictive power of T'C'S suddenly surges up during
the crisis due to its temporarily enhanced influences on both level and slops factors.
TED and EPU both play increasingly important roles in the association with the level
of risk premia after the crisis. However, these predictors are not helpful in forecasting

the slope of the term structure (see Figure 4.11.).

Figure 4.11 Time-Varying Effects of Exchange Rate Predictors on the Term Structure
of Carry Trade Risk Premia (Out-of Sample): JPY
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This figure shows the Bayesian time-varying parameters (measuring the effects on the Nelson-
Siegel level & slope factors) to the most influential (selected based on the significance and stability
of the corresponding probability weighting) exchange rate predictors, including Macroeconomic
Fundamentals: Purchasing Power Parity (PPP), Monetary Fundamentals (MOF), Taylor Rule (TRI);
Technical Indicators: MACD Trend Indicator (MAT), KDJ Momentum & Mean-Reversion Indicator
(MMR); Option-implied Information: Volatility Risk Premia (Insurance Cost, VRP), Skew Risk
Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based Crash Sensitivity (TCS) and Hedging
Pressure in Futures Market (HPF); Volatility Risk (VIX), Liquidity Risk (TED), Commodity Risk
(CRB), Economic Policy Uncertainty (EPU) indices, and relative Yield Curve Factors (YCF), in the
forecasting of the term structure of carry trade risk premia for USDJPY via implementing the Dynamic
Model Averaging (DMA) procedure of Koop and Korobilis (2012). The dash lines surrounding the
posterior mean plots present 95% frequentist confidence intervals.
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Figure 4.12 Impulse Response of the Term Structure of Carry Trade Risk Premia to
the Yield Curve
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This figure shows the impulse response of the term structure of carry trade risk premia to the Nelson-
Siegel level & slope factors of relative yield curve (as in September 2008). L, and S is the level, and
slope factor, respectively; the subscript YC, and CT denotes the yield curve, and carry trade risk
premia, respectively.

Figure 4.12. shows the impulse response of the term structure of carry trade risk
premia to the relative yield curve®, which accounts for the largest share of DMA
probability weighting for all 7 currencies. For EUR, GBP, AUD, and NZD, the level
of risk premia of the term structure (L¢T) positively reacts to the shocks to both
relative yield curve level (LY®) and slope (SY?) factors in the first few months, then
the reactions diverge from each other and the net effect remains negative, which is the

case for other currencies all the time. The impulse response of the L¢T to the LY¢

is quite persistent for AUD — a typical investment currency®'. Overshooting of the

slope factor (S¢T) of carry trade term structure in response to the LYY and SY is

common and significant across currencies but is stabilized (net effect) within 12 months

30Bekaert, Wei, and Xing (2007) find the deviations from Expectations Hypothesis (EH) cannot
well explain deviations from UIP at long horizons.

31Ferreira Filipe and Suominen (2013) reveal that funding liquidity risk (see also Brunnermeier and
Pedersen, 2009) explains a large proportion of AUD versus JPY speculative positions in currency
futures market.
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except for EUR. In the first few months, the ST of GBP (AUD, NZD, and the typical
funding currency JPY) positively (negatively) responds to the yield curve movements
(both LYY and SY©), followed by a negative (positive®?) adjustment which implies a
flattened term structure. The opposite reactions of L¢T and of S¢T to LYY and SY¢
cannot offset each other, as the level of interest rate differential over the yield curves
LYC exerts greater impact on L¢T and S¢7 than the slope factor of the relative yield

curve SYY, e.g. the case of CHF. EUR and CAD share similar impulse response to the

relative yield curve shocks.

4.5.3 Probability Weighting and Model Disagreement

Table 4.1 below reports the descriptive statistics of the probability weighting of each
empirical model or “scapegoat” variable for all currencies. The mean p,,, and standard
deviation o, measures the significance, and stability of the probability weighting,
respectively. Then the ratio of these two moments SRpyy, captures the instability-
adjusted average probability weighting. We find that our term structure model without
any exchange rate predictors, and with purchasing power parity (PPP), monetary
fundamentals (M OF’), Taylor rule (T'RI), volatility risk premia (V RP), or commodity
risk (CRB) are the most stable and influential predictors for nearly all currencies; the
model with relative yield curve factors (Y'C'F') has a very high forecasting performance
for all currencies during financial crises but its predictive power is instable (low in
tranquil periods); momentum and mean-reversion indicator (M M R), crash and tail
risk premia (SRP and KRP), hedging pressure in futures market (HPF'), copula-
based tail dependence (T'C'S), volatility risk (V/X), and liquidity risk (T'ED) are
stable predictors for GBP and CAD with relatively low significance; economic policy

uncertainty (EPU) possesses a very stable predictive power on CAD.

Figure 4.13. reveals the evolving importance of each empirical exchange rate model
or “scapegoat” variable over time, measured by the average (out-of-sample) time-
varying probability weighting across the sample currencies. It is noteworthy that YC'F

arises as an important predictor of exchange rates at the outbreak of each financial

32This indicates a greater reaction of the short-term risk premium to the yield curve movements
than that of the long-term risk premium.
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Figure 4.13 Probability Weighting of Empirical Exchange Rate Models / Scapegoat
Variables: Average across Currencies
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This figure shows the average probability weighting of each empirical exchange rate model or
“scapegoat” variable, including Term Structure Factors of Carry Trade Risk Premia (TSF) only
(no other “scapegoat” variables); Macroeconomic Fundamentals: Purchasing Power Parity (PPP),
Monetary Fundamentals (MOF), Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator
(MAT), KDJ Momentum & Mean-Reversion Indicator (MMR); Option-implied Information: Volatility
Risk Premia (Insurance Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP); Copula-
based Crash Sensitivity (TCS) and Hedging Pressure in Futures Market (HPF); Volatility Risk (VIX),
Liquidity Risk (TED), Commodity Risk (CRB), Economic Policy Uncertainty (EPU) indices, and
relative Yield Curve Factors (YCF), in the forecasting of the term structure of carry trade risk
premia / exchange rate returns across G10 currencies (EURUSD, GBPUSD, AUDUSD, NZDUSD,
USDCHF, USDCAD, USDJPY, excluding USDSEK and USDNOK) via implementing the Dynamic
Model Averaging (DMA) procedure of Koop and Korobilis (2012). The sample is from January 1995
to February 2014.

crisis in the sample period (September 2008 in particular) and drop in its probability
weighting gradually during the economic recovery. And its probability weighting has a
correlation of —0.93 with that of TF'S — the factor-only model, and also low negative
correlations with most of other predictors. This implies that the relative yield curve
factors provide superior complementary information. So do MOF, M AT, CRB, and
EPU but to a lesser extent. T'SF is as important as V RP and H PF', which are shown
to be non-trivial predictors of exchange rates (Della Corte, Ramadorai, and Sarno,

2013).
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Figure 4.14 DMA-Implied Model Disagreements (All Currencies)
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This figure shows the model disagreements implied by the probability weighting of the Dynamic
Model Averaging (DMA) method (see Koop and Korobilis, 2012) for G10 currencies (EURUSD,
GBPUSD, AUDUSD, NZDUSD, USDCHF, USDCAD, USDJPY, excluding USDSEK and USDNOK).
The sample is from January 2000 to February 2014.

The DMA probability weighting is computed according to the forecasting accuracy
of each empirical exchange rate model or “scapegoat” variable, and thereby can be used
to construct a regression-based (rather than survey-based) measure model disagreemen-
t. Figure 4.14. shows the DMA-implied 1-month horizon model disagreements (M D)
of individual currencies. The corresponding index in the foreign exchange market as the
average across all currencies is closely associated with volatility (VIX) and liquidity

(TED) risks (see Figure 4.15.).

Table 4.2 reveals that the series of AR(1) innovations to DMA-implied 1-month
horizon model disagreement (AM D) has both predictive and contemporaneous rela-
tions with 1-month carry trade excess returns and the term structure (level and slop
factors), FX (realized) volatility, and customer order flows across currencies. A positive
shock to model disagreement predicts a higher (lower) level of currency risk premia of
EUR, AUD, NZD, and CHF (GBP), a tilted slope of the term structure of GBP, CHF,

CAD, and JPY. In the contemporaneous period, it induces a decline (rise) in level of the
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Figure 4.15 Model Disagreement (Risk) Index vs. Volatility & Liquidity Risk Indices
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This figure shows the model disagreement (risk) index (M D) as the average model disagreement across
all 7 currencies implied by the probability weighting of the Dynamic Model Averaging (DMA) method
(see Koop and Korobilis, 2012) versus volatility (VIX) and liquidity (T'ED) risk indices. The sample
is from January 2000 to February 2014.

excess returns of GBP, CHF, and JPY (AUD, NZD, and CAD), and a tilted (flattened)
slope of the term structure of AUD, NZD, and CAD (GBP, CHF, and JPY). A positive
AM D also leads to an increase in contemporaneous FX volatility, and predicts a drop
in this realized volatility in the next period for almost all studied currencies. This
is possibly due to the volatility overshooting. These findings are compelling for GBP,
NZD, CHF, and JPY. Furthermore, a higher level of M D induces financial clients, such
as hedge funds, to speculate in future exchange rate returns meanwhile reduce current
exposures to risky currencies by shifting a part of the overall investments to less risky
USD and safe-haven currency such as JPY in a dynamic way (except for EUR). There
are negative (positive) predictive and contemporaneous correlations of AM D with the
order flows from private and corporate clients of risky currencies (safe-haven currencies
CHF and JPY). In general, when confronting model uncertainty, asset managers tend
to invest in foreign currencies funded by USD. Overall, the aggregate customer order

flows are partially driven and predicted by model disagreement.
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Table 4.2 Model Disagreement Effects: Carry Trade Excess Return, Volatility, Term
Structure, and Customer Order Flows

FX REG Carry Trade Excess Returns, Volatility, Term Structure, and Customer Order Flows
xr Avol LeT SCT AGG AM CcC HF PC

w 2.24%* 45.70%%  _11.84**
s.e. (1.16) (22.53)  (5.98)

EUR w_; 3.59%* -0.37* 3.05%* -56.37*+* -31.58%* 7. 91%*
s.e. (1.65) (0.19) (1.45) (27.34) (13.89) (3.94)
Adj — R? 0.01 0.02 0.03 — 0.04 0.05 0.01 0.03 0.01
w -4 47FFF 0 0.63%FF 1,26 -5.44%* 10.87* 9.39* -18.18%*F*%  _3.28%*
s.e. (1.47) (0.13) (0.76) (3.14) (5.77) (4.86) (6.77) (1.37)

GBP w_; S2.58%FF _(.34%FF  _1.06%*  10.22%** 15.07* 15.30%** 16.28%** 4 55%**
s.e. (0.80) (0.13) (0.53) (2.89) (8.74) (3.45) (5.27) (1.45)
Adj — R? 0.09 0.19 0.03 0.05 0.04 0.04 — 0.21 0.03
w 5.22%%% (. 76%** 5.00%* 10.46%* 4.74* 6.67FFF  _1.50%**
s.e. (L77)  (0.26)  (213)  (4.22)  (2.81)  (2.15)  (0.56)

AUD w4 2.79% 5.54%%* -9.19%%* 3.98%*  _3.38%H*
s.e. (1.48) (1.05) (3.15) (2.00)  (1.20)
Adj — R? 0.05 0.10 0.20 0.06 0.01 0.13 0.01 0.01 0.04
w 8.78% 0.73%* 3.27* 8.41%* -1.28%
s.e. (4.93)  (0.31)  (1.68)  (4.18) (0.70)

NZD w_; 4.06%** -0.69* 2.02% 1.74%%% 1.48%
s.e. (1.39) (0.42) (1.10) (0.53) (0.87)
Adj — R? 0.09 0.10 0.06 0.03 0.02 0.01 — — —
w SGLTIRRE QTR 32FRE 8 66F S11.17FF _3.36%*
s.e. (2.01)  (0.26)  (1.16)  (2.81) (3.17) (1.97)

CHF w_; 3.21%* -0.36%%  2.74%** 6.92%* 9.22% 4.75%* 6.02%* -3.26%*
s.e. (1.84)  (0.18)  (0.82)  (2.97)  (5.51) (2.17)  (240)  (L.78)
Adj — R? 0.10 0.19 0.11 0.07 0.01 — 0.01 0.07 0.01
w 2.46* 0.33%%* T.T0FFF  14.22%F%  17.86%FF  _1.50%* -4.52%
s.e. (1.29)  (0.11) (2.42)  (230)  (251)  (0.58)  (2.54)

CAD w_,4 5.69%** -6.16%*
s.e. (1.92) (2.85)
Adj — R? 0.02 0.06 — 0.09 0.05 0.10 0.02 0.01 0.11
w S7.09%*¥*% (.38%* -6.71%* -29.55%  93.91%F* 45 5o¥** 4.21% 58.02%**
s.e. (1.55)  (0.17)  (2.81)  (15.43)  (21.22)  (16.75)  (2.13)  (15.08)

JPY w4 19.49%* 40.39%*F*  -9.15%*
s.e. (8.24) (12.81)  (4.11)
Adj — R? 0.10 0.01 0.05 0.07 0.11 0.04 0.02 0.08 0.02

This table reports the effects of model disagreement on carry trade excess returns (zr), AR(1)
innovations to FX volatility (Avol), Nelson-Siegel level (L“T) and slope (S¢T) factors, and customer
order flows (both aggregate (AGG) and disaggregate order flows from asset managers (AM), corporate
clients (CC), hedge funds (HF), and private clients (PC)). HAC standard errors with optimal lag
selection are reported in the parentheses. “*’, “**’ and “*** represents statistical significance at 10%,
5%, and 1% level of parameter estimates. The sample period is from January 2001 to February 2014.
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4.5.4 Model Evaluation and Term-Structural Commonality of

Forecasts

The statistical accuracy of our term structure model in the out-of-sample forecasts of
carry trade risk premia (or equivalently, exchange rate returns) are reported in Table
4.3, respectively. Our term structure model statistically outperforms the random walk
in terms of R%,¢ up to 20% (12-month forecasting horizon), ARMSE up to 4.5%
(1I-month forecasting horizon), and rejecting the null hypothesis of equal predictability
of the Diebold-Mariano-West test with up to 5% significance level (p — value of the
DMW — test) for all currencies. All these indicate that our term structure model is
able to beat the random walk in 1-month forecasting horizon at minimum. NZD and
CAD are typically difficult to forecast at horizons from 3-month to 12-month. It is
noteworthy that our term structure model performs the best for safe-haven currencies
CHF and JPY. Our term structure model consistently beats RW at 1-month and 12-
month horizons for all studied currencies, and better short-run (1-month horizon)
forecasts of NZD, GBP, and CAD seem to be achieved at the cost of medium and
long run predictive accuracy, whereas CHF and JPY are the best predicted currencies

at the 12-month horizon.

These statistical results are economically intuitive and concordant with the
“scapegoat” theory and mean-reverting story: The weights attached to the “scapegoat”
variables change over time and investors switch their currency trading rules according
to the model/varliable’s contemporaneous predictive accuracy so that the predictive
power of our term structure model varies with the forecasting horizon, i.e. the current
model /variable to which a high weight is attached for the forecasts at 1-month horizon
may not provide a full projection of information far into the future, but it does contain
predictive information to evaluate a currency’s long-run intrinsic value toward which
its price reverts back. Purchasing power parity (PPP) is an important long-run mean-
reverting predictor of exchange rates (Taylor, Peel, and Sarno, 2001; Taylor, 2002; Imbs,
Mumtaz, Ravn, and Rey, 2005). The forecasting performance of our term structure
model is impressive and robust on currencies with high weights of probabilities attached

to PPP, e.g. EUR, CHF, and JPY; but is not stable on currencies with low weights
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Table 4.3 Statistical Accuracy of the Term Structure Model: Out-of-Sample Pre-
dictability of Carry Trade Risk Premia / Exchange Rate Returns

FX SA Forecasting Horizons
IM  3M 6M  9M  12M
R2,4(%) 378 1.75 1316 1532  8.61

EUR ARMSE(%) 073 0.16 0.78 0.74  0.36
DMW — test * — — — —
R254(%) 14.36  -2.04 -12.69 -3.20 8.37

GBP ARMSE(%) 2.2 -0.13 -053 -0.10 0.19
DMW —test  ** — — — —
R%55(%) 488 -6.60 3.79 520  6.18

AUD ARMSE(%) 118 -048 029 035 0.35
DMW — test * — — — —
R%65(%) 17.98 -10.80 -13.12 -10.52 -6.86

NZD ARMSE(%) 454 -1.04 -0.73 -048 -0.27
DMW —test  ** — — — —
R%05(%) 2.61 16.93 1350 16.64 20.07

CHF ARMSE(%) 055 1.96 112 118  1.27
DMW — test * — — — —
R} 05(%) 9.34 -11.27 -11.93 -14.53 -14.07

CAD ARMSE(%) 132 0.66 -046 -044 -0.35
DMW —test  ** — — — —
R%05(%) 3.66 18.45 15.82 18.05 18.11

JPY ARMSE(%) 057 205 141 137  1.28
DMW —test  ** — — — —

This table reports the statistical accuracy (SA) of the term structure of carry trade risk premium /
exchange rate return predictability for G10 currencies (EURUSD, GBPUSD, AUDUSD, NZDUSD,
USDCHF, USDCAD, USDJPY, excluding USDSEK and USDNOK) from 1l-month to 12-month
forecasting horizons: R200 g, pseudo out-of-sample R? (in percentage); ARMSE, difference of Root
Mean Squared Error between our term structure model and RW (in percentage); and DM W — test,
s and K*F represents statistical significance at 10%, 5%, and 1% level (p — value) of Diebold-
Mariano-West test for equal predictive accuracy between two non-nested models, respectively. Note
that we do not perform the Diebold-Mariano-West test for the overlapping forecasts. The out-of-
sample period is from February 2004 (February 2010 for EURUSD) to February 2014.

of probabilities, e.g. NZD and CAD. As a result, the robustness of the term structure
model depends on (i) the speed of exchange rate mean reversion®®, and (ii) the predictive

information set that is common to both short-run and long-run forecasting.

To assess the information commonality in the term structure of exchange rate

predictability, we run pooled-OLS3* regressions of the absolute forecasting errors (AFE)

331t can be obtained from an Ornstein-Uhlenbeck process dS; = v(u — S¢)dt + odW, where v is the
speed of mean reversion. It can be re-written as dS; = [1 — exp(—vdt)](u — S¢—1) + €: applying It6’s
lemma. Once the long-run mean is determined, we can easily solve for v from the coefficient estimated
by the regression of dS; on pu — S;_1. We leave this point for future studies.

34The likelihood ratio (LR) test, and Lagrange multiplier (LM) test is in favor of pooled-OLS method
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Table 4.4 Information Commonality in the Term Structure of Exchange Rate Pre-
dictability

FX IC Empirical Models / Scapegoat Variables
TSF PPP MOF TRI MAT MMR VRP SRP
b S3.14%K% 2 B1Rx T _1L6R%FKF _1.84%* K 46.38%**F  -0.31 -1.15%* -1.06
IM  se.  (0.53) (0.66) (0.37) (0.44) (5.54) (0.34) (0.45) (0.74)
R? 0.12 0.06 0.07 0.06 0.22 0.00 0.03 0.01
b S1.13%FF* 0,91+ -0.26 -0.97%** -4.67 0.44*** -0.16 -0.71F*
3M  se.  (0.25) (0.30) (0.18) (0.20) (2.85) (0.15) (0.21) (0.34)

R? 0.07 0.03 0.00 0.09 0.01 0.03 0.00 0.02

b -0.06 -0.33%  -0.36%¥F  (0.22% -2.33 0.16% -0.08  0.62F*%

6M se.  (0.15) (0.18) (0.10) (0.12) (1.64) (0.09) (0.12) (0.19)
R? 0.00 0.01 0.05 0.01 0.01 0.01 0.00 0.04

b -0.40%%F  _0.68%F* _0.73¥*F  (.18*% -1.21 0.00  -0.35%F% 1 13%**

OM  se.  (0.13) (0.16) (0.08) (0.11) (1.49) (0.08) (0.11) (0.16)
R? 0.04 0.07 0.25 0.01 0.00 0.00 0.04 0.16

b 0.01 S0.12  -0.58%FF (.20%FF 3 94¥F¥ (.04 -0.04  0.98%*%
12M se.  (0.10) (0.12) (0.06) (0.08) (1.11) (0.06) (0.08) (0.12)
R? 0.00 0.00 0.28 0.05 0.03 0.00 0.00 0.22
KRP HPF TCS VIX TED CRB EPU YCF

b 1.60%%  -1.49%%*  _0.59 -2.30 S2.02FF  _0.84%  -2.48%F% () 33F**

IM  se.  (0.65) (0.43) (0.50) (2.37) (0.90) (0.45) (0.85) (0.07)
R? 0.02 0.05 0.01 0.00 0.02 0.01 0.06 0.08

b 0.34  -0.777FF  _0.25 C2.53%¥F  _1.95FFF (.05 | -1.20FFF (.14FFF

3M  se. (0.30) (0.20) (0.23) (1.08) (0.40) (0.21) (0.38) (0.03)
R? 0.00 0.07 0.00 0.02 0.09 0.00 0.08 0.06

b -0.01  -0.41%FF  _0.29%* 1.14%  -0.86*F*%  (.20%* -0.09 0.02

6M se.  (0.17) (0.11) (0.13) (0.62) (0.23) (0.12) (0.23) (0.02)
R? 0.00 0.06 0.02 0.01 0.05 0.02 0.00 0.00

b -0.767FF -0.78%%% _0.647FF (.19 L1567  -0.25%%  0.05  0.107F
9M  se.  (0.15)  (0.09)  (0.11)  (0.57)  (0.21)  (0.11)  (0.21)  (0.02)

R®  0.09 0.25 0.11 0.00 0.11 0.02 0.00 0.12
b -0.49%FF 0.75%FF  _0.49FFF  0.907F  -1.13%FF  -0.09 0.26 0.05
12M se. (0.11)  (0.06)  (0.08)  (0.42)  (0.15)  (0.08)  (0.16)  (0.01)
R*  0.07 0.41 0.12 0.02 0.19 0.00 0.02 0.05

This table reports information commonality in the term structure of exchange rate predictability using
pooled-OLS regressions. The dependent variable is Absolute Forecasting Error (AF E) in the forecasts
of the term structure of carry trade risk premia / exchange rate returns for G10 currencies (EURUSD,
GBPUSD, AUDUSD, NZDUSD, USDCHF, USDCAD, USDJPY, excluding USDSEK and USDNOK).
The explanatory variable is the Dynamic Model Averaging (DMA) probability weighting (Koop and
Korobilis, 2012) of each empirical exchange rate model or “scapegoat” variable. ¥’ “** and **
represents statistical significance at 10%, 5%, and 1% level of parameter estimates using using panel-
corrected standard errors (PCSE). The out-of-sample period is from February 2004 (February 2010
for EURUSD) to February 2014.
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across countries on the DMA probability weighting for each forecasting horizon in
the out-of-sample forecasting period using panel-corrected standard errors (PCSE):
|Asz(-;)+7 — Aég;)ﬁﬁ =a;+b-Pr(L;y = j|2)+ €. Then the information commonality
over the term structure of exchange rate predictability can be assessed by two principles:
(i) the coefficients of stable exchange rate predictors are expected to be negative —
an increase in the corresponding DMA probability weighting lowers the AFE, and
vice versa for those of “scapegoat” variables; and (ii) the coefficients are statistically
significant across forecasting horizons. As shown in Table 4.4, overall, hedging pressure
in futures market (HPF') and liquidity risk (TED) contain the common information
that possesses stable predictive power on exchange rate returns over a range of horizons.
Policy-related predictors, such as monetary fundamentals (M OF'), Taylor rule (T'RI)
and economic policy uncertainty (EPU), provide important information for short-run
forecasting up to 3 months, while crash risk indicators, such as tail risk premia (K RP)
and crash sensitivity (7'C'S), matter for long-run forecasting from 9 months to 12

months. The empirical results in Table 4.4 also confirm the existence of “scapegoat”

effects of exchange rate predictors.

Table 4.5 reports the economic values of our term structure model for a full spectrum
of currency management from 1-month to 12-month investment horizons. We are
able to achieve a performance fee over 6% excess return per annum (F: 6.69% p.a.;
P: 6.05% p.a.) with an annualized Sharpe ratio (SR) of 1.30 in active investment
management. The economic significance of passive (12-month portfolio rebalance)
investment management is also about 6% p.a. on average (F: 5.66% p.a.; P: 6.51%
p.a.) with a SR of 1.18. Tactic investment management also yields considerable
performance fees of over 4% p.a. (F: 4.01% p.a.; P: 4.46% p.a.) with a SR of 1.15, and
approximately 4% p.a. (F: 3.94% p.a.; P: 3.91% p.a.) with a SR of 1.10 for quarterly
(3-month), and bi-annual (6-month) portfolio rebalance style, respectively. In strategic

investment management, we rebalance the portfolio every 9-month with dynamic

over panel data methods — fixed effect, and random effect, respectively. Hausman (1978) test indicates
that there is no statistically significant difference in the coefficient estimates between fixed effect model
and random effect model. So, considering that priority should be given to efficiency in this case, a
random effect model using Swamy and Arora’s (1972) method for the estimates of variance-covariance
matrix of error terms is preferable. However, a key drawback of random effect method is that it
assumes strict exogeneity (zero correlation between regressors and residuals), we choose pooled-OLS
method, which guarantees consistency of the estimator in case of sequential exogeneity.
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Table 4.5 Economic Value of the Term Structure Model: Out-of-Sample Predictability
of Carry Trade Risk Premia / Exchange Rate Returns

EV Investment Management
Active Tactic Strategic  Passive
(IM) (3M) (6M) (Dynamic) (12M)
pp(%) 1546  13.77 13.25 12.57 15.52
op(%) 11.85 11.93 12.10 9.88 13.18
SR 1.30 1.15  1.10 1.27 1.18
SRpr 249 246  2.89 2.64 2.70
F (%) 6.69 4.01  3.94 3.08 5.66
P(%) 6.05 4.46 391 3.29 6.51

This table reports the economic value of the term structure of carry trade risk premium / exchange rate
predictability for G10 currencies (EURUSD, GBPUSD, AUDUSD, NZDUSD, USDCHF, USDCAD,
USDJPY, excluding USDSEK and USDNOK) from active (monthly rebalance), strategic (semi-annual
or quarterly rebalance), tactic (dynamic rebalance in the anticipation of downside risk or the presence
of a large deviation of the forecast made 7-period ago from the current updated forecast), to passive
(annual rebalance) investment management: p,, portfolio mean of monthly excess returns by asset
allocation (in percentage); o,, portfolio volatility of monthly excess returns by asset allocation (in
percentage); SR, Sharpe ratio; SRpr, Sortino ratio; F, performance fee that a risk-averse investor is
willing to pay for switching from RW to our term structure model (in percentage); P, manipulation-
proof performance measure (in percentage). The optimal weights are computed using unconditional
variance-covariance matrix of the whole sample. The conditional volatility target, and the degree of
relative risk aversion is set to 10%, and 6, respectively. All data are annualized. The reported economic
value is computed as the average of economic values estimated with non — overlapping data
and rolling starting points. The out-of-sample period is from February 2004 (February 2010 for
EURUSD) to February 2014.

scrutiny and adjustment every 3-month if the deviation of the initial forecast from
the updated forecast is over 5% in strategic investment management, which generates
a performance fee of over 3% p.a. (F: 3.08% p.a.; P: 3.29% p.a.) with a SR of 1.27.
The reported economic value is computed as the average of economic values estimated
with non-overlapping data and rolling starting points. These empirical findings are both
qualitatively and quantitatively insensitive to different settings of RRA and portfolio
risk constraint. Our term structure model achieves superb performance fees (economic
values) with very well bounded volatility®® (target at 10%) in the existing literature of

exchange rate forecasting.

35The volatility of the portfolio is found to increase with the forecasting horizon except for the
strategic investment management that achieves volatility slightly lower than the target, which possibly
benefits from the dynamic rebalance for forecasting deviations.
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4.5.5 Information Term Structure and Scapegoat Drivers of

Customer Order Flows

From the perspective of foreign exchange market microstructure, we find that customer
order flows are informative about the term structure of carry trade risk premia as well.
As shown in Table 4.6, aggregate order flows predict a rise in the level of risk premia of
EUR and JPY, tilts the slope of the term structure of GBP while flattens that of AUD
in next period. More specifically, the predictive power origins from the order flows of
financial clients such as asset managers and hedge funds. The order flows from private
clients predict that the long-term risk premia will increase more than the short-term
risk premia of EUR. We do not discuss about the contemporaneous relations here.
As the relative yield curve factors has significant predictive implications on currency
carry trade risk premia (Chen and Tsang, 2013), it is of interest to study the yield
curve driver of customer order flows. Table 4.7 demonstrates that an increase in the
level of relative yield curve (interest rate differentials) leads to speculative trading of
the financial clients that bets on high interest-rate currency to appreciate against low
interest-rate currency. Non-financial clients tend to follow the UIP rule on high interest-
rate and commodity currencies such as AUD and CAD but not on low interest-rate and
the safe-haven currency JPY. A flattened upward or tilted downward sloping relative

yield curve induces financial clients to invest in foreign currencies funded USD.

Moreover, we identify the “scapegoat” drivers by running regressions of Equation
(4.26) on each currency. The selection procedure is as follows: (i) We search for the
stable drivers of customer order flows (COF) — those with statistically significant
correlations with COF within the basket of exchange rate predictors — market
participants routinely trade foreign exchanges on these predictors; (ii) We replace
those statistically insignificant with the products of the predictors per se and the
corresponding weights of the DMA probabilities, and the statistically significant
surrogates are treated as potential “scapegoat” variables; (iii) We refine the pool of

“scapegoat” variables by excluding drivers that are statistically dominated by others.

As shown in Figure 4.16., we find that almost all of the exchange rate predictors

play a role of “scapegoat” variable to different types of clients across currencies. In
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Table 4.6 Predictive Power of Customer Order Flows on the Term Structure of Currency Carry Trade Risk Premia

COF REG Nelson-Siegel Term Structure Factors
EUR GBP AUD NZD CHF CAD JPY
LCT M.O:H T %Qﬂ T MQH LCT %Qnﬁ ICT @Qnﬁ LCT %Qnﬁ T MQH

w 1.94%%* 3.09% -8.03*

s.e. (0.44) (1.79) (4.64)
AGG w_; 1.09%** 9.13%* -18.38** 1.80%**

s.e. (0.41) (4.45) (8.51) (0.67)

Adj — R* 0.13 0.05 0.01 0.05 0.03 0.02

w 2.96%** 2.58%** 8.96%** 19.24%* 4.51%* -12.39%*

s.e. (0.66) (0.91) (3.24) (8.57) (2.04) (6.13)
AM  w_, 0.77* 11.41%* -27.49% 3.64%**

s.e. (0.40) (4.57) (14.24) (0.65)

Adj — R? 0.02 0.01 0.05 0.05 0.04 0.02 0.02 0.08 0.04

w -4.06%* -8.20%F*

s.e. (1.78) (2.24)
CcC w—-1

s.e.

Adj — R*>  0.03 0.08

w 3.43%%* 6.35%* -20.30%** -30.37* -9.17*

s.e. (0.84) (2.88) (7.09) (16.85) (4.83)
HF w1 2.91%** -25.63*

s.e. (0.84) (14.53)

Adj — R?>  0.12 0.01 0.03 0.04 0.03 0.01

w 17.327%%% 19.19%  -17.30%F*F  40.43%FF  -45.43* 40.07FF  -21.82%** BT.4TH**

s.e. (5.04) (10.03) (3.48) (13.01)  (26.13) (17.17) (7.00) (15.28)
PC w1 9.87*

s.e. (5.64)

Adj — R? 0.10 0.01 0.08 0.03 0.01 0.04 0.06 0.08
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This table reports the predictive power of customer order flows, both aggregate (AGG) and disaggregate order flows from asset managers (AM), corporate
clients (CC), hedge funds (HF), and private clients (PC), on the term structure of currency carry trade risk premia — Nelson-Siegel level (L¢T) and slope
(SET) factors for G10 currencies (EURUSD, GBPUSD, AUDUSD, NZDUSD, USDCHF, USDCAD, USDJPY, excluding USDSEK and USDNOK). Subscript
—1 is 1-period lag. HAC standard errors with optimal lag selection are reported in the parentheses. ‘*’, “**’ and ‘*** represents statistical significance at
10%, 5%, and 1% level of parameter estimates. The sample period is from January 2001 to February 2014.



Table 4.7 Yield Curve Driver of Customer Order Flows

FX YCF Customer Order Flows
AGG AM CcC HF PC
LYe 59.58%F  46.62%F*
(30.93)  (17.00)
EUR SY¢ 15.67*
(8.92)
Adj — R? 0.03 0.06 — — —
LYe 28.74%F* -8.36%%  10.93**
(9.30) (3.44) (4.45)
GBP S§Y¢ 6.40%*
(3.26)
Adj — R? 0.03 0.01 0.04 0.01 —
LYe -2.98%  7.58%
(1.76) (4.19)
AUD §Y¢
Adj — R? — — 0.01 0.01 —
LYe -2.64%
(1.36)
NZD S§Y¢ 1.96* 1.92%%  _0.77*
(1.04) (0.89) (0.45)
Adj — R? 0.03 0.05 0.01 — 0.07
LYC
CHF SYC 13.40%*  78.63%* 6.51%*
(5.19) (32.21) (2.71)
Adj — R? 0.06 0.04 — 0.03 —
LYC _5.6O¥**
(1.74)
CAD SY¢ 2.96%*  3.74HHE
(1.42) (1.25)
Adj — R? 0.03 0.05 0.03 — —
LYe 24.26%  18.39%F  4.30%*
(13.69) (8.86) (1.89)
JPY SYC -19.81%
(10.23)
Adj — R? 0.03 0.03 0.04 — 0.01

This table reports the information content about the relative yield curve in customer order flows,
both aggregate (AGG) and disaggregate order flows from asset managers (AM), corporate clients
(CC), hedge funds (HF), and private clients (PC). The “scapegoat” effect is reported in highlight
where the variable is the product of the yield curve factor per se and the corresponding probability
weighting obtained from the forecasting of the term structure of carry trade risk premia / exchange
rate returns for USDJPY via implementing the Dynamic Model Averaging (DMA) procedure of Koop
and Korobilis (2012). HAC standard errors with optimal lag selection are reported in the parentheses.
s ek and KR represents statistical significance at 10%, 5%, and 1% level of parameter estimates.

The sample period is from January 2001 to February 2014.
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Figure 4.16 Scapegoat Drivers of Customer Order Flows
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This figure shows the drivers (explanatory varliables) of customer order flows (dependent variables),
both aggregate (AGG) and disaggregate order flows from asset managers (AM), corporate clients
(CC), hedge funds (HF), and private clients (PC). The candidate “scapegoat” variables include
Macroeconomic Fundamentals: Purchasing Power Parity (PPP), Monetary Fundamentals (MOF),
Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator (MAT), KDJ Momentum &
Mean-Reversion Indicator (MMR); Option-implied Information: Volatility Risk Premia (Insurance
Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based Crash Sensitivity
(TCS) and Hedging Pressure in Futures Market (HPF); Volatility Risk (VIX), Liquidity Risk (TED),
Commodity Risk (CRB), and Economic Policy Uncertainty (EPU) indices; and those highlighted
in red color are identified as “scapegoat” drivers — the products of the values per se and the
corresponding weights of probabilities obtained from the forecasting of the term structure of carry
trade risk premia / exchange rate returns for G10 currencies (EURUSD, GBPUSD, AUDUSD,
NZDUSD, USDCHF, USDCAD, USDJPY, excluding USDSEK and USDNOK) via implementing
the Dynamic Model Averaging (DMA) procedure of Koop and Korobilis (2012). ‘o’, and ‘*’ denotes
positive, and negative (statistically significant) parameter estimates, respectively. The numbers are
adjusted — R%s in percentage. ‘-’ means that none of the variables considered in this paper explains
certain customer order flows. The sample period is from January 2001 to February 2014.

particular, country-specific risk, such as macroeconomic fundamentals associated with
long-run business cycle risk — purchasing power parity (PPP) to the investors of
EUR, GBP, AUD, and CHF; monetary fundamentals (MOF’) to those of GBP, AUD,
NZD, and CAD; option-implied moment risk premia (VRP, SRP, and KRP) to
GBP, NZD, CHF, CAD, and JPY; global risk such as market sentiment volatility
index (VIX) to GBP, AUD, CHF, CAD, and JPY; and commodity index (CRB)

to EUR and GBP are pronounced “scapegoat” variables because they are not stable
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drivers of customer order flows and the relevance is judged by the contemporaneous
predictive power of the variable of interest. Market participants of AUD are found
to trade on the hedging pressure in futures market (H PF') occasionally. The short-
run non-fundamental risk — technical indicators (M AT and M M R) play the roles of
either stable or “scapegoat” drivers of customer order flows across currencies. After
the adjustments by the DMA probability weighting, these hidden (seemly unrelated)
variables come into the spotlights and the signs of the coefficients are consistently
reasonable®*. The DMA probability weighting works well as a good proxy of estimates
for the weights of probabilities the market participants attach to multiple forecasting

models.

4.6 Conclusion

We investigate the origins and the term structure of exchange rate predictability from 1-
month to 12-month horizons by the decomposition of exchange rate returns into carry
trade risk premia and forward risk premium components that allows us to forecast
exchange rate indirectly via its carry component, for which we propose a term structure
model with Nelson-Siegel (level, slope, and curvature) factors extracted from the carry
curve and incorporate them into the dynamics between carry trade excess returns
and a large set of exchange rate predictors in a TVP-VAR setting. We then employ
the (Bayesian) Dynamic Model Averaging method to handle model uncertainty in the

forecasts of the term structure of carry trade risk premia.

We reveal that hedging pressure and liquidity contain predictive information that
is common to a range of forecasting horizons. Policy-related predictors are important
for short-term forecasts up to 3 months while crash risk indicators matter for long-
term forecasts from 9 months to 12 months. We then comprehensively evaluate the
statistical and economic significance of the term structure predictive power of our model
in a framework allowing for a full spectrum of currency investment management. Our

term structure model is able to beat the random walk remarkably and consistently in

36See Table C.1., Table C.2., Table C.3., Table C.4., Table C.5., Table C.6., Table C.7. in Appendix
27

187



the forecasts up to 12-month horizon for 7 most traded currencies (in terms of R, up
to 20% at 12-month horizon, ARMSE up to 4.5% at 1-month horizon, and rejection
of equal predictability at up to 5% significance level in the Diebold-Mariano-West test
for 1-month horizon), and generates substantial performance fees up to approximately

6.5% per annum

We further utilize the time-variations in the probability weighting of each group of
factor-augmented empirical exchange rate models or “scapegoat” variables to measure
regression-based (vis-a-vis survey-based) model disagreement, which is dynamically
related to currency risk premia (and the term structure), volatility, and customer
order flows. From the perspective of foreign exchange market microstructure, customer
order flows are also informative about the term structure of carry trade risk premia.
Moreover, we apply the DMA probability weighting to examine the “scapegoat” drivers
of customer order flows. To summarize, our findings confirm that heterogeneous agents
learn to forecast exchange rates and switch trading rules over time, resulting in the
dynamic country-specific and global exposures of exchange rates to short-run non-

fundamental risk and long-run business cycle risk.
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Chapter 5

Conclusion

This Ph.D. thesis is constituted by three essays that address two mysteries in
international money and finance — the forward premium puzzle and the Meese-Rogoff
puzzle. Chapter 2 and Chapter 3 examine the former puzzle and the relevant currency
risk premia associated with carry trades that exploit the deviations from the UIP in the
field of empirical asset pricing, and in Chapter 4 we investigate the latter, also as known
as “exchange-rate disconnect” puzzle from the perspectives of forecasting method (e.g.
term structure model and dynamic model averaging) and market microstructure. This
chapter summarises the contributions of this Ph.D. thesis to the existing literature and

how future work can be developed, as well as sketches out some policy implications.

In Chapter 2 and Chapter 3, we adopt sovereign CDS spreads, misalignments im-
plied by Fundamental Equilibrium Exchange Rate (FEER) and Behavior Equilibrium
Exchange Rate (BEER) approaches, and skew risk premia computed by a model-free
method from currency option prices as the proxies for sovereign credit risk, equilibrium
exchange rate misalignment risk, and speculative risk, respectively. We sort currencies
into portfolios based on the ranks of these characteristics of 34 global currencies, and
accordingly construct high-minus-low factors from these currency portfolios. This is
deemed as a data-driven approach. Using standard empirical asset pricing procedures
— Generalized Method of Moments (GMM) and Fama-MacBeth (FMB) two-step OLS
approach, we show that high interest-rate currencies load up positively on these risks

while the low interest-rate currencies provide a hedge against them, the factor prices
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are statistically significant, and the models pass the zero pricing error test and Hansen-
Jagannathan distance test. We argue that the profitability of currency carry trades can
be rationalized as a compensation for these three types of risks, as these factors explain
over 90% of the cross section of carry trade portfolios, and the beta-sorted currency

portfolios all exhibit similar descriptive statistics to carry trade portfolios.

The pricing power of sovereign default risk does not reflect a “Peso problem”, and
it is robust to alternative measures by sovereign bond total return indices and the
innovations to global (aggregate level) sovereign CDS spreads. The sovereign credit
premia not only reflects a country’s medium to long-run fundamental risk, but also
response to short-run rollover risk of maturing debt and liquidity constraint of the
state. Therefore, interest rates embody a market liquidity premium component and
a sovereign credit premium component. A country with high sovereign default risk
displays a high propensity to issue debts denominated by foreign (safe) currencies to
make them more appealing to investors, and inclines to offer high interest rate to
attract foreign savings for funding its external deficit. The destabilizing effect on the
debtor’s currency drives the currency risk premia, which should be taken into account
for measuring the “effective” forward premia. Furthermore, we show that both the
cross sections of currency portfolios sorted by momentum and position insurance costs
(volatility risk premia) can be understood as a compensation for sovereign credit risk
as well. 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.

We also drive the position-unwinding risk of carry trades from currency option
pricing model. In the Black-Scholes-Merton universe, the cross-sectional variation
of currency risk premia is naturally driven by interest rate differential and currency
volatility, and the construction of position-unwinding likelihood indicator implies
empirical asset pricing results of Lustig, Roussanov, and Verdelhan (2011); Menkhoff,
Sarno, Schmeling, and Schrimpf (2012a). Thus, it is also priced in the cross section
of carry trade portfolios, and its factor-mimicking portfolio confirms that position-
unwinding risk is an arbitrage-free traded asset, and it is fed by the forward bias
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risk in both linear and nonlinear Granger causality tests, in which complicated
global contagion channels are highlighted. This explains the “self-fulfilling” nature
of currency carry trades. We reveal that high interest-rate currencies are exposed to
higher position-unwinding (crash) risk than low interest-rate currencies, owing to the
global liquidity transfer brought by carry trades themselves. Once the risk-bearing
capacity (e.g. market risk sentiment and funding liquidity constraint) of the financial
intermediaries is unable to sustain the “global liquidity imbalance”, the global liquidity
reversal /withdrawal triggers currency crashes (Brunnermeier et al., 2009; Gabaix and
Maggiori, 2015). Accordingly, we propose a threshold carry trade strategy that is
immunized from currency crash risk and earns a much higher annualized excess return
than the plain vanilla one. Our threshold carry trades is a risk-managed strategy,
and increases the Sharpe ratio substantially (approximately twice as big as its original
version). It works because of the crash timing capacity of the position-unwinding
likelihood indicator. However, this presents a new challenge to theories that attempt

to explain currency carry trade excess returns.

Given that sovereign credit premia is priced in the cross section of carry trade
portfolios and accounts for the largest proportion of the variation in position-unwinding
likelihood indicator among other factors, policy-makers should primarily target the
sovereign default risk, e.g. debt maturity management, to avoid currency crashes.
Moreover, To examine the crash story of currency risk premia, we employ the copula
method to capture the tail sensitivity of currencies to the global market. we find
that high (low) interest rate currencies tend to be overvalued (undervalued) with
respect to real effective exchange rate (REER), crash sensitive (insensitive), relative
cheap (expensive) to hedge, and exposed to high (low) speculative inclination of the
market. This is what the policy-makers should concern about. They should control
the exchange rate misalignment within a reasonable range to avoid speculative attacks
by the investors, who can also take the advantage of the mispricing in currency options

as highly crash sensitive currencies are relatively cheap to insure.

We also find notable risk reversals in currency premia in pre-crisis and post-crisis
periods with respect to both crash sensitivities and volatility risk premia (position

insurance costs), and intriguing patterns in the average excess returns of currency
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portfolios doubly sorted by these two dimensions. We then propose a novel trading
strategy that makes a trade-off of the time-variation in risk premia between low
and high volatility regimes, and is thereby almost immunized from risk reversals. It
generates a sizable average excess return (6.69% per annum, higher than any other
7 simple currency investment strategies over the sample period) and an alpha that
cannot be explained by canonical risk factors, or by hedge fund and betting-against-
beta risk factors, government policy uncertainty, and other financial indices. Unlike
other currency investment strategies, its cumulative wealth is driven by both exchange
rate and yield components. So, it actually works as a currency filtering procedure that

selects high (low) interest-rate currencies that are about to appreciate (depreciate).

From the asset allocation perspective, a crash-averse investor would optimally
choose a relatively diversified portfolio by allocating over 40% of the wealth to currency
misalignment strategy over the sample period, about 40% to crash sensitivity strategy
and about 10% to skew risk premium strategy in the tranquil period. While during the
financial turmoil, the investor would be better-off by reallocating his/her portfolio
holdings dramatically to currency volatility risk premium strategy with a weight
of over 60% of the wealth. Trading strategies that exploit the properties such as
currency misalignment, crash sensitivity, and moment risk premia also offer remarkable
diversification benefits for risk management purpose in terms of considerable reductions

in conditional value-at-risk (expected shortfall) of the efficient frontiers.

We also utilize the generalized dynamic factor model to identify an additional
important factor that accounts for extra 14% of the cross-sectional variation in the
whole FX market but omitted in the literature using the standard portfolio approach.
It is related to the payoff of the currency strategy trading on volatility risk premia
and priced in the cross section of currency value portfolios (explaining over 90% of the
variations). The risk attributes and factor structure of the investments in currencies
and relevant strategies are studied. Sovereign credit risk is the key driver to the factors
that capture the common dynamics of the global currencies and also the FX trading
strategies studied in this Ph.D. thesis. Beyond the systematic (dollar) risk, there are
two types of diversifiable risks implied in these investment strategies — one is intimately

associated with currency interest rate differentials, REER misalignments, and skew
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(speculative) risk premia while the another with highly correlated with currency values,

crash sensitivities, and volatility risk premia.

Our next step is to extend the sample period as now we have obtained a currency
option data set with longer time span (back to 1995). A lot of future work can be
done, e.g. (i) building an international macro-finance pricing model to rationalize the
findings mentioned above; (ii) extending Merton’s (1974) model to a sovereign version
or the analytical framework of Friewald, Wagner, and Zechner (2014) so that we can
explore the information about macroeconomic fundamentals implied in the currency
option pricing model; (iii) linking the time variation in “limit to arbitrage” (Acharya,
Lochstoer, and Ramadorai, 2013) to the hedgers and speculators’ motivations for
portfolio constructions with currency risk under informational ambiguity (see Epstein
and Schneider, 2007, 2008; Leippold, Trojani, and Vanini, 2008; Condie and Ganguli,
2011; Tlut, 2012; Ju and Miao, 2012; Branger, Larsen, and Munk, 2013; Maccheroni,
Marinacci, and Ruffino, 2013, among others) and learning process (see Guidolin and
Timmermann, 2007; Chakraborty and Evans, 2008; Carceles-Poveda and Giannitsarou,
2008; Branch and Evans, 2010, 2011, among others), etc.; (iv) evaluating the option-
implied sovereign default premia and CDS-implied systemic risk in a joint framework
of sovereign CDS and currency option as in Carr and Wu (2007, 2010); (v) Backus,
Gavazzoni, Telmer, and Zin (2010) show that a certain specification of Taylor rule can
give rise to the failure of UIP, and this may also explain why Taylor rule fundamentals
perform better than other economic fundamentals among empirical exchange rate
models. Furthermore, recent literature no long supports the view of monetary and fiscal
policy dichotomy, i.e. the maturity structure of nominal government debt affects the
optimal monetary and fiscal policy decisions (Leeper, 1991; Davig and Leeper, 2011;
Leeper and Zhou, 2013). So, a theoretical framework that models the interactions
between monetary (Taylor rule) and fiscal (sovereign credit) policies may help to

rationalize the major puzzles in international macroeconomics.

In Chapter 4, we study the origins of exchange rate predictability via return
decomposition so that exchange rate returns over a range of forecasting horizons can
be modelled as a function of common (term structure) factors. for which we propose

a dynamic Nelson-Siegel model with level, slope, and curvature factors extracted from
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the carry curve and incorporate them into the dynamics between carry trade excess
returns and a large set of exchange rate predictors in a TVP-VAR setting. We then
employ (Bayesian) Dynamic Model Averaging method to handle model uncertainty in

the forecasts of the term structure of carry trade risk premia.

We illustrate that hedging pressure and liquidity contain predictive information
that is common to a range of forecasting horizons. Policy-related predictors are
important for short-term forecasts up to 3 months while crash risk indicators matter
for long-term forecasts from 9 months to 12 months. This provides some new insights
on the informational commonality and projection of exchange predictors over the
term structure that the policy-makers can harness to monitor and intervene the
foreign exchange market, especially, to design both short-term and long-term exchange
rate policy tools. We then comprehensively evaluate the statistical and economic
significance of the term structure predictive power of our model in a framework allowing
for full spectrum of currency investment management. Our term structure model is
able to beat random walk remarkably and consistently in the forecasts up to 12-month
horizon for 7 most traded currencies (in terms of R% ¢ up to 20% at 12-month horizon,
ARMSE up to 4.5% at 1-month horizon, and rejection of equal predictability at up
to 5% significance level in the Diebold-Mariano-West test for 1-month horizon), and

generates substantial performance fees up to approximately 6.5% per annum.

We further utilize the time-variations in the probability weighting of each group of
factor-augmented empirical exchange rate model or “scapegoat” variable to measure
regression-based (vis-a-vis survey-based) model disagreement, which is dynamically
related to currency risk premia (and the term structure), volatility, and customer order
flows. Customer order flows are also informative about the term structure of carry
trade risk premia. Moreover, we apply the DMA probability weighting to examine
the “scapegoat” drivers of customer order flows. To summarize, our findings confirm
that heterogeneous agents learn to forecast exchange rates and switch trading rules
over time, resulting in the dynamic country-specific and global exposures of exchange
rates to short-run non-fundamental risk and long-run business cycle risk. The model
disagreement index may capture a part of this mechanism. It not only explains market
volatility and liquidity, but also works as a leading indicator. Thereby, policy-makers
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may consider adding it to their surveillance scope for exchange rate management.

Our term structure model of the carry component can be extended to other
asset classes using return decomposition into carry and expected price depreciation
components (see Koijen, Moskowitz, Pedersen, and Vrugt, 2013). Future research
in this area could include the following: (i) to examine the economic value of our
term structure model using its implied forecasts of exchange rate returns in any time
interval of the future 7 period without implementing further forecasts in this period;
(ii) to decompose the forecasting variance (into short-run and long-run components)
that can be attributed to important state variables of exchange rate at different
horizons, and this may improve the predictive accuracy and provide rich analysis of
the structure of the shocks to exchange rate determinants (see Doshi, Jacobs, and Liu,
2014, for the analysis of the term structure of interest rates); (iii) to endogenize the
probability weighting according to forecasting performance over a range of horizons
for the investigation of whether or not the predictive power of each model/variable
varies with the term structure of the carry component, which allows us to understand,
at the aggregate level, how disappointment-averse' agents with heterogeneous beliefs
optimally choose forecasting rules and shift “scapegoat” variables not only over the
time but also over a span of horizons, and this can also be achieved by direct forecasts
of the term structure of carry trade risk premia; (iv) to propose an arbitrage-free
framework for the study of the joint term structure of bond and currency (carry trade)
risk premia based on the analytical framework of Lustig, Stathopoulos, and Verdelhan
(2013), or even extend it to other asset classes; (v) to bridge the term structure of
forecast disagreements in a factor model with the information content of customer
order flows in a Bayesian learning and model averaging framework (see Xia, 2001;
Lahiri and Sheng, 2008, 2010; Banerjee and Kremer, 2010; Banerjee, 2011; Evans,
Honkapohja, Sargent, and Williams, 2012; Collin-Dufresne, Johannes, and Lochstoer,
2013; Banerjee and Green, 2014, among others). Moreover, given the close linkage
between the probabilities of financial crises and the term structure of currency risk

premia, our analysis can be extended to measure the term structure of systemic risk in

!The use of (generalized) disappointment aversion risk preference that attaches a higher weight to
lower tail events than expected utility theory helps to explain consumption-based asset pricing puzzles
(see Routledge and Zin, 2010; Bonomo, Garcia, Meddahi, and Tédongap, 2011).
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currency market as well.
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Appendix

A Supporting Documentation: Chapter 2

.A.1 Currency Option Pricing Model

It is assumed that the spot rates S; of a currency pair (indirect quotes?) follows a
geometric Brownian motion (GBM) of the form with an instantaneous drift x4 and an

instantaneous volatility o:

dSt:/I/Stdt—f—O'StdW (1)

where W is the standard Wiener process. Then the value of the spot rates at any time

t+T is given by:

2

In St+T =In St + (M — %) T +o ﬁ€t+T (2)

where

CW(t+T) - W(t)
E+T = \/T

N(0,1) is the Gaussian i.i.d. standard normal distribution. The value of a call

and g7~ N(0,1) (3)

option for a currency pair with the strike price of X; and the time to maturity of 7" at

time ¢ is:

2Units of foreign currency per unit of domestic currency (USD).
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ce = Sy exp(—r: T)N(di) — X¢ exp(—ry T') N(dy) (4)

For the put option:

pr = Xp exp(—r; T)N(—dy) — St exp(—r: T) N(—d,) (5)

where

In(S;/X:) + (r; —re+ 504 T
di — 2 d dy=d, —oVT 6
1 O_\/T an 2 1 g ()

re, 75 denotes domestic (U.S.) risk-free interest rate, and foreign risk-free interest
rate, respectively. N(-) is the cumulative density function of standard normal
distribution. We can reproduce the currency prices for hedging the carry trade positions
by setting X; = F; and the implication of CIP, then Equation (6) is simplified as
dio = j:%cr VT. Now, we turn to the application of this model for evaluating the

position-unwinding risk.
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.A.2 Gram-Charlier Expansion by Hermite Polynomial

The standard definition of Hermite Polynomials (Stuart and Ord, 2009) series is
truncated after its fourth term for the skewness-and-kurtosis augmented probability

density function of standard normal distribution (see Backus, Foresi, and Wu, 2004):

h(z) = n(2) [1 - ; Hy(2) + %m(z)] (7)
where
,(2)n(z) = (-1 T )
Equation (7) can be rewritten as:
h(z) =n(z) [ 1 - %@3 ~32)+ g(f — 622+ 3) 9)

where n(z) is the probability density function of standard normal distribution. a
represents the order of the moment. ¢, x denotes the excess skewness, and excess
kurtosis, respectively. These terms are estimated by the methods of realized moments
similar to realized volatility (see e.g. Andersen, Bollerslev, Diebold, and Labys, 2001).
The details will be discussed in Section 2.5. z here is actually the values of DB; .

Hence, the skewness-and-kurtosis adjusted Pr (DB ) is:
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.A.3 Global Currency, Bond, and Equity Portfolios

Figure A.1 Cumulative Excess Returns of Currency Carry Portfolios Sorted on Forward
Discounts
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This figure shows the cumulative excess returns of currency carry portfolios sorted on forward discounts
and in long positions from September 2005 to January 2013. PF Ly, PF Ly, and PF L3, PF Ly, and
PF Ls denotes the currency carry portfolios with lowest, lower medium, medium, higher medium, and
highest forward discounts, respectively.

200



Figure A.2 Currency Portfolios Doubly Sorted on Sovereign CDS Spreads and Equity
Premia

0.06 . . .
0.04 | .

=

<

S 0.02f il

=3

(2]

c

2 0

hd

7))

7]

[0}

&

X -0.02+ -

e

|
-0.04 [ EP, |

[ JEPy
T EP,

-0.06 . - -
Low Medium High

Sovereign CDS Spreads

This figure shows the average monthly excess returns of nine currency portfolios (the vertical axis)
that are sorted on both sovereign CDS spreads and equity premia over U.S. market from September
2005 to January 2013. EPp, EPy;, and EPy denotes the low, medium, and high equity-premium
currency portfolios, respectively. The horizontal axis represents the level of sovereign CDS spreads of
currency portfolios in ascending order.
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Table A.1. Descriptive Statistics of Government Bond Portfolios

All Countries without Transaction Costs
Portfolios By By Bs By Bs Avg. H/L
Mean (%) 3.87 393 550 575 762 534 3.76
Median (%) 3.55 7.53 882 10.14 10.54 8.12 7.05
Std.Dev. (%) 6.30 845 8.28 1257 16.72 10.46 15.54

Skewness 0.07 -0.20 -0.13 -0.37 -0.27 -0.18 -0.36
Kurtosis 0.02 0.19 014 0.38 053 0.25 0.60
Sharpe Ratio 0.61 0.47 0.70 044 046 0.53 0.24
AC(1) -0.09 -0.18 -0.09 -0.01 0.04 -0.06 0.08

This table reports descriptive statistics of the excess returns in USD of government bond (total return)
indices portfolios with 5-year maturity sorted on 1-month lagged redemption yield. The 20% equity
indices with the lowest lagged redemption yields are allocated to Portfolio By, and the next 20% to
Portfolio By, and so on to Portfolio Bs which contains the highest 20% lagged redemption yields. The
portfolios are rebalanced simultaneously with the the currency portfolios, hence the excess returns
have the same duration. ‘Avg.’, and ‘H/L’ denotes the average excess returns of five portfolios, and
difference in the excess returns between Portfolio By and Portfolio B; respectively. All excess returns
are monthly and unadjusted for transaction costs with the sample period from September 2005 to
January 2013 with daily availability. 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 coefficient of the monthly excess returns in monthly frequency.

Table A.2. Descriptive Statistics of Equity Momentum Portfolios

All Countries without Transaction Costs
Portfolios B Es E5 E, Es Avg. H/L
Mean (%) 1.33  1.59 298 444 474 3.01 3.41
Median (%) 9.80 14.85 15.68 15.60 16.99 14.58 5.03
Std.Dev. (%) 25.62 25.60 26.06 26.52 30.88 26.94 15.27

Skewness -0.28 -0.40 -0.46 -0.47 -0.46 -0.04 -0.17
Kurtosis 0.25 045 0.63 0.67 0.67 0.53 0.33
Sharpe Ratio 0.05 0.06 0.11 0.17 0.15 0.11 0.22
AC(1) 0.10 022 020 020 0.19 0.20 -0.18

This table reports descriptive statistics of the excess returns in USD of equity momentum portfolios
sorted on 1-month lagged equity-index excess returns. The 20% equity indices with the lowest lagged
excess returns are allocated to Portfolio F1, and the next 20% to Portfolio Es, and so on to Portfolio
Es which contains the highest 20% lagged excess returns. The portfolios are rebalanced simultaneously
with the the currency portfolios, hence the excess returns have the same duration. ‘Avg.’, and ‘H/L’
denotes the average excess returns of five portfolios, and difference in the excess returns between
Portfolio F5 and Portfolio F; respectively. All excess returns are monthly and unadjusted for
transaction costs with the sample period from September 2005 to January 2013 with daily availability.
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
coefficient of the monthly excess returns in monthly frequency.
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.A.4 Principal Components and Correlation Matrix

Table A.3. Principal Component Analysis of Asset Excess Returns

Currency Carry Portfolios
C1 Cy Cs Cu Cs Variance (%)

PC;  0.876 0946 0.959 0.952 0.904 86.120
PCy; 0.442 0.143 -0.043 -0.157 -0.368 7.552
Total 93.672

Government Bond Portfolios
Bl BQ Bg B4 B5 Variance (%)

PC;  0.741 0.932 0951 0919 0.831 77.120
PCy; 0.635 0.111 0.049 -0.252 -0.469 14.035
Total 91.155

Equity Momentum Portfolios
E1 E2 E3 E4 E5 Variance (%)
PCy 0956 0976 0977 0974 0.958 93.730
PCy 0.259 0.066 -0.015 -0.067 0-.242 2.699
Total 96.429

This table reports the principal component coefficients of currency carry, government bonds, equity
momentum portfolios. PCy, PCs denotes the first principal component, and the second principal
component, respectively. The last column shows the share of the total variance (in %) explained by
each common factor. The last row provides the cumulative share of the total variance (in %) explained
by the first two common factors. The sample period is from September 2005 to January 2013.
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Table A.4. Correlations between Risk Factors and Principal Components

Currency Bond Equity
pPC, PCy | PCy PCy, | PCy PCy
GDR 0.999 0.047 | 0.915 0.205 | 0.837 0.047
PUW -0.750 -0.243 | -0.396 -0.196 | -0.485 -0.184
GSQ -0.837 -0.019 | -0.785 -0.146 | -0.697 -0.003
GKT 0.158 0.041 | 0.127 0.080 | 0.123 -0.118

HMLrp 0390 0904 | 0.156 0.820 | 0.566 -0.088
HMLgc -0.082 0.712 | -0.106 0.697 | 0.287  0.038
GSI -0.722  -0.310 | -0.443 -0.310 | -0.630 -0.211
HMLgg 0.693 0.551 | 0.561 0.752 | 0.829  0.005
HMLEgy 0329 0203 | 0.307 0.128 | 0.340 0.925

GVI -0.629 -0.369 | -0.443 -0.369 | -0.582  0.065
AVIX -0.541 -0.431 | -0.374 -0.475 | -0.703 -0.122
GLR -0.268 -0.178 | -0.205 -0.218 | -0.299  0.048

ATED -0.084 -0.176 | -0.092 -0.115 | -0.201 -0.087

This table reports the correlations between risk factors and the principal components of currency carry,
government bonds, equity momentum portfolios. PCi, PCy denotes the first principal component,
and the second principal component, respectively. The sample period is from September 2005 to
January 2013.
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.A.5 Contagion and Threshold Trading

The existing literature in empirical asset pricing of currency carry trades do not
highlight the spillover effect of country-specific fundamental risk to the global economy
nor test the impulsive country-specific risk that drives others of its kind. The contagion
channels can be international trade linkages (e.g. Krugman, 1979; Eichengreen, Rose,
and Wyplosz, 1996), international bank lending (e.g. Kaminsky and Reinhart, 1999,
2000; Allen and Gale, 2000; Van Rijckeghem and Weder, 2001), international portfolio
holdings and rebalancing (e.g. Kodres and Pritsker, 2002; Pericoli and Sbracia, 2003),
or more generally speaking, international capital flows, such as sudden stop and flight-
to-quality (see Calvo, 1998; Forbes and Warnock, 2012). There are various econometric
techniques that can be employed for testing factor dynamics, which, however, is not
the main purpose of this chapter. Therefore, we only choose both linear and nonlinear

Granger causality test.

The interactions between the global risk factor and country-specific factor is the
principal concern of testing contagion. Position-unwinding likelihood indicator is
embedded with the global risk aversion. At the early stage of the financial crisis, global
risk aversion is a significant factor influencing sovereign CDS spreads; and at the later
stage, country-specific factor, such as short-term refinancing constaint and long-term
fiscal sustainability, becomes more important and begins to feed back into broader
financial instability (Caceres, Guzzo, and Segoviano Basurto, 2010). Furthermore,
hedging design of currency portfolios against idiosyncratic risk can be oriented by

testing the stimulative source of risk among the country-specific factors.

Contagion among Risk Factors

We employ both linear and nonlinear Granger causality tests to identify which factor
drives the cross-sectional risk, and to investigate the dynamic propagation between
global risk and country-specific risk, especially the spillover of the country-specific risk
to the global economy, because the degree of Granger causality in the asset return-
based risk factors can also be viewed as a proxy for the spillover of information among

market participants as suggested by some recent relevant research, e.g. Danielsson,
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Table A.5. Linear & Nonlinear Granger Causality Tests for Impulsive Country-specific
Risk

Linear Nonlinear

HM Lgc does not Granger cause HM Lpp 0.01 0.02
HMLgp does not Granger cause HM Lgc 0.37 0.03
HM Lgc does not Granger cause GST 0.00 0.20
GSI does not Granger cause HM Lgc 0.40 0.39
HM Lgc does not Granger cause GV I 0.03 0.04
GV I does not Granger cause HM Lgo 0.63 0.73
HM Lgc does not Granger cause AVIX 0.04 0.07
AV IX does not Granger cause HM Lgc 0.92 0.41
HM Lgc does not Granger cause ATED 0.00 0.03
ATED does not Granger cause HM Lgc 0.29 0.05
HM Lgc does not Granger cause GLR 0.25 0.07
GLR does not Granger cause HM Lgc 0.44 0.10
HM Lgc does not Granger cause HM Lgp 0.03 0.05
HM Lgp does not Granger cause HM Lgc 0.65 0.12
HM Lgc does not Granger cause HM Lgy;  0.04 0.22
HM Ly does not Granger cause HMLge  0.70 0.19

This table reports the p — values of linear and nonlinear Granger causality tests (see Hiemstra and
Jones, 1994; Diks and Panchenko, 2006 for details) for the impulsive country-specific risk. The first
column lists the null hypotheses to be tested. Due to the limited sample size, Akaike’s Final Prediction
Error (also as known as AIC) is chosen as the lag-length selection procedure rather than Schwarz
(Bayesian) Information Criterion (SIC) or Hannan-Quinn Information Criterion (see Anderson, 2004
for details). The bandwidth of 1.50 is chosen according to the sample size. The sample period is from
September 2005 to January 2013.
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Shin, and Zigrand (2009), Battiston, Delli Gatti, Gallegati, Greenwald, and Stiglitz
(2012), and Billio, Getmansky, Lo, and Pelizzon (2012). Hiemstra and Jones (1994)
propose a nonparametric test for general (both linear and nonlinear) Granger non-
causality (HJ-test), which is questioned by Diks and Panchenko (2006). They show
that HJ-test tends to incur spurious discovery of nonlinear Granger causality, and
the probability to reject the Granger non-causality increases with the sample size.
Instead, they provide an alternative nonparametric test for nonlinear Granger causality
that circumvents the problem in HJ-test through replacing the global statistic by the
average of local conditional dependence measures. We follow their method to test the
nonlinear Granger causality among risk factors. The bandwidth of 1.50 is chosen to
accommodate the sample size. We adopt Akaike’s Final Prediction Error (as known as
AIC) as the lag-length selection criterion because Anderson (2004) find that Akaike’s
Final Prediction Error® works quite well for small samples even if the true model is
nonlinear, and contrarily, Schwarz (Bayesian) Information Criterion (SIC) and Hannan-

Quinn Information Criterion performs poorly unless the sample size is large enough.

Table A.5. shows that sovereign credit risk seems to be the impetus of other country-
specific factors: HM Lgc both linearly and nonlinearly Granger causes HM Lpp, GV I,
AVIX, and ATED. And the reverse is not true except that HM Lrpp and ATED
feedback into H M Lgc nonlinearly. The relationship between H M Lge and GLR seems
to be dynamic and nonlinear. From the aspect of market microstructure, liquidity
spreads (bid-ask spreads) are set by the market maker, whose reaction function to
perceived sovereign credit risk should be nonlinear. All these with the asset pricing
tests vindicate that sovereign credit risk is the dominant country-specific fundamental
risk. Table A.6. reveals the spillover of country-specific risk to the global economy.
Sovereign default risk (HM Lg¢) is contagious to the global money market (GDR) and
drives the currency crash risk (G\SQ), which in turn amplifies the global volatility risk
(both GVI and AVIX).

Baek, Bandopadhyaya, and Du (2005) find that the market risk appetite imposes

larger impact on the bond yield spreads than the economic fundamentals. The

3 Although nonlinear techniques suggested by Tjgstheim and Auestad (1994) might improve the
accuracy, they’re very difficult to implement.
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mechanism is reverse in currency market that the market risk sentiment, e.g. the
FX market volatility (GVI), broad market volatility (AVIX), and position-unwinding
likelihood indicator (PUW) are driven by the sovereign credit risk measured directly
in the currency excess returns. Moreover, GV'I is naturally triggered by the position-
unwinding risk, which measures the precautionary risk attitude of the investors. PUW
is also fed into AV IX. We also find that position-unwinding risk of the currency carry
trades is driven by AVIX and by the forward bias risk (HM Lgpg).

Threshold Trading

We can continue to profit from forward bias risk as long as the carry trade positions
are not forced unwound. PUW not only represents the systematic risk in terms of
high correlation with the market portfolio of the foreign exchange market and with
the global skewness risk (G:SQ) but also is priced in the cross section of currency
carry trade portfolios. It has correlations of —0.76 with GDR and of —0.48 with
HM Lpg. However, once the currency crashes in the opposite direction of the carry
trade positions, the risk reverses and we suffer losses by taking up any more forward bias
risk. Given that the position-unwinding likelihood indicator measures the probability
of the currency crashes against the speculative carry trade positions taken by the
investors, focusing on the position-unwinding risk is the principal concern of currency

carry trades.

In this section, we propose an alternative carry trade strategy that is immunized
from currency crash risk by identifying the threshold level of the position-unwinding
likelihood indicator. Brunnermeier and Pedersen (2009), Clarida, Davis, and Pedersen
(2009) reveal the regime-sensitivity of Fama regression parameters that the s are much
smaller than unity or even negative during the tranquil period and shift to positive
values or even become greater than unity during the turmoil period. Thus, we can gain
both statistical and economic significance by analyzing the transition dynamics between
regimes, e.g. reverse the carry trade positions during the currency crashes. And
according to the reality observed in our data, the position-unwinding behavior would
be triggered when PUW exceeds a certain precautionary threshold. The procedure

to search for the threshold level could be done using a Smooth Transition Model
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(STR) that specifies a nonlinear model of carry trade excess returns with HM Lpp
and GDR. The nonlinear relationship is dependent on the level of PUW. More
generally, our model is given by xr;; = (of + 57 x f) + (a + B 2 f}) -w(ve;v5, ¢5) + G-
where (5, is d.d.d. (0,03.). PUW acts as the transition variable v, and w(-) is
the transition function which is conventionally bounded by zero and one. ~; > 0
denotes the slope parameter that determines the smoothness* of the transition from
one regime to the other. When +y; approaches zero, the STR process reduces to a linear
model; and as 7; goes to infinity, the STR process becomes an absolute two-regime
threshold model with abrupt transition (Tong, 1990). ¢; is the threshold level of the
abruptness in transitional dynamics. zf?, xf! are vectors of risk factors that enter
the linear, nonlinear part of the STR model®, respectively. We follow Terisvirta’s
(1994) methodology to choose the appropriate STR model and utilize LM — test for
examining the null hypothesis of no remaining nonlinearity (Eitrheim and Terésvirta,
1996). That no residual autocorrelation in the STR model is confirmed by Terdsvirta’s

(1998) procedure.

Both the investment and funding legs share the same threshold level of the position-
unwinding risk in-sample (2005 September - 2009 September) — 58.289%), and it works
as a signal for reversing the positions of conventional carry trades. In our principal
trading rule, we use ex-ante l-quarter moving average of PUW for comparison with
the threshold level. Besides the level, we note that the volatility of PUW becomes
persistent during the recent financial crisis. As a result, we set the ex-ante l-year
PUW wvolatility as the complementary trading rule, which also suddenly exceeds a
certain level at the outbreak point and remains above this level in the aftermath of
the financial crunch. This may be related to the funding liquidity risk of the financial
intermediaries (Gabaix and Maggiori, 2015). If it drops below the outbreak point level,

the funding positions are reverted back to the plain vanilla carry trade strategy.

Figure A.3. show that the cumulative excess returns of the threshold carry trade

4This implies that there exists a continuum of states between two polar regimes.

®Two types of widely used transition functions (Terdsvirta and Anderson, 1992) are: Logistic STR
Model (LSTR) — w(v4;7;,¢;) = {1 + exp[—v; (vt — ¢;)]} !, and Exponential STR Model (ESTR) —
w(ve;7j,¢j) = 1 — exp[—; (vt — ¢;)?]. Unlike the ESTR model, the LSTR specification accounts for
asymmetric realizations of the transition variable at two sides of the threshold level.
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Figure A.3 Cumulative Excess Returns of the Alternative Currency Carry Portfolio:
Threshold Trading on PUW
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This figure shows the cumulative excess returns of an alternative carry trade strategy that is immunized
from currency crashes, in comparison of the traditional long-short strategy. It trades on the threshold
level of position-unwinding risk that investing in the highest interest-rate currencies funded by the
lowest interest-rate currencies during the tranquil period and reverse the positions once the threshold
level of position-unwinding likelihood indicator is reached. The out-of-sample period is from October
2009 to January 2013.

strategy is immunized from currency crashes, in comparison with the plain vanilla one.
The out-of-sample performance (2009 October - 2013 January) of this trading strategy
is better. The annualized (compounded) excess return of the threshold carry trading
strategy is about 9.04%, which is much higher than that of the plain vanilla one (2.00%).
And it has a Sharpe ratio of 0.95, more than three times as big as its original version.
The success of our novel strategy lies in the fact that the risk of currency carry trades

is highly predictable by our position-unwinding likelihood indicator.
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.B  Supporting Documentation: Chapter 3

.B.1 Crash Risk, Insurance Cost, and Speculative Inclination

Figure B.1 Global Lower Tail Dependence: Aggregate Level & Shocks

0.45
0.4 -
0.35 -
) 03 T -
(8]
c
@
2 0251 -
5y NBER Recession Period
o 0.2 Equally-Weighted Level | |-
'E — — — AR(2) Innovations
< 0.15 L
Qo
o
© 0.1 L
0.05 o
04w e\ nm oy ,s,/..\,.\./.vf&/‘\/‘/...«.“»~/\,\\/\/\f///-\\/\\ |
N
-0.05 T T \ \ T T T T
2006 2007 2008 2009 2010 2011 2012 2013

This figure shows global crash sensitivity at aggregate level of the whole sample countries with equal
weights (GT'D), and the innovations of its AR(2) process without a constant (GT'I) from September
2005 to January 2013.
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Figure B.2 Global Volatility Risk Premia: Model-free vs. Option-implied Approaches
(Aggregate Level)

3 T T T T T T T T
L X |
2 X A
I
1r X% X il gg ﬁ( %\( _
/O\ I ,l l
S O—pg VA * >'\<l\ ’ " f Lo 1T
g \I 7<\/ o Mk Il TX I xxl>$' ’\ R
\ I AVAEE & Sl il VR S A
@ U TR IR X I N LU -2
a \ 1 ~ \\l I SR AL AT T
X | \ Vo I LY R A Ny,
) [ Y i T ] SN
D>:~_2_ " ' 7% ar ' ] 7
= | R ' 0
< 1
- _3_ q | -
: o
_4_ .
-5F VRPMF -
_ % _VRP
(o]
— 1 1 1 1 1 1 1 1
2006 2007 2008 2009 2010 2011 2012 2013

This figure shows the aggregate levels of annualized volatility risk premia across 27 currencies using
model-free approach (VRPyr) and option-implied ATM volatility(VRPor). The sample period is
from September 2005 to January 2013.
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Figure B.3 Global Skew Risk Premia: Model-free vs. Option-implied Approaches
(Aggregate Level)
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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 period is
from September 2005 to January 2013.
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.B.2 Portfolios of Currency Investment Strategies

Table B.1. Descriptive Statistics of Currency Portfolios (Momentum, Value, and Crash
Sensitivity)

All Countries with Bid-Ask Spreads

Portfolios Piyvr Povmr Payvmvr  Payvivr  Psvmr
Mean (%) 1.22 1.97 1.63 3.92 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 ppy  Peppv  P3ppy  Pippv D5 ppv
Mean (%) 3.83 2.34 1.90 2.24 1.78
Median (%) 6.60 7.73 7.01 5.24 1.87
Std.Dev. (%)  6.59 1107 9.62 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(1) 0.19 0.10 0.11 0.01 -0.01
Portfolios Py ycs  Povcs Psuvos  Pamvcs  Psues
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 7.15 11.56 10.69 13.41
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(1) 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 (M MT), 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 Premia:
Volatility & Skewness)

All Countries with Bid-Ask Spreads
Portfolios Pivrp Povrp Psvrp Pyvrp  BPsvrp
Mean (%) 4.99 1.60 1.15 1.64 2.49
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) 0.10 004 002 008 0.3
Portfolios Py srp Posrp P3srp  Pisrp  Pssrp
Mean (%) 311 233 343 188  0.27

Median (%) 848  6.26  10.23 356  0.76
Std.Dev. (%) 11.80 1141  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 (V RP) 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 Py, 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, Py vrp (Ps,vrp) is the portfolio with the highest (lowest) downside insurance cost, and
P1 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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.C Supporting Documentation: Chapter 4

.C.1 DMA Probability Weighting of TVP-FAVAR Models:

Sample Countries

Figure C.1 Probability Weighting of Empirical Exchange Rate Models / Scapegoat
Variables: EUR

Probability Weighting

YCF 2002

Empirical Models / Scapegoat Variables Out-of-Sample Forecasts

This figure shows the probability weighting of each empirical exchange rate model or “scapegoat”
variable, including Term Structure Factors of Carry Trade Risk Premia (TSF) only (no other
“scapegoat” variables); Macroeconomic Fundamentals: Purchasing Power Parity (PPP), Monetary
Fundamentals (MOF), Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator (MAT),
KDJ Momentum & Mean-Reversion Indicator (MMR); Option-implied Information: Volatility
Risk Premia (Insurance Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP);
Copula-based Crash Sensitivity (TCS) and Hedging Pressure in Futures Market (HPF); Volatility
Risk (VIX), Liquidity Risk (TED), Commodity Risk (CRB), Economic Policy Uncertainty (EPU)
indices, and relative Yield Curve Factors (YCF), in the forecasting of the term structure of carry
trade risk premia for EURUSD via implementing the Dynamic Model Averaging (DMA) procedure
of Koop and Korobilis (2012). All empirical exchange rate models take the form of incorporating
corresponding predictor(s) into the dynamics of TSF in a TVP-VAR system. The lag number is
selected according to information criteria. The in-sample (out-of-sample) period is from January
1995 to December 2004 (January 2005 to February 2014). Tick Label: Beginning of Year.
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Figure C.2 Probability Weighting of Empirical Exchange Rate Models / Scapegoat
Variables: GBP
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This figure shows the probability weighting of each empirical exchange rate model or “scapegoat”
variable, including Term Structure Factors of Carry Trade Risk Premia (TSF) only (no other
“scapegoat” variables); Macroeconomic Fundamentals: Purchasing Power Parity (PPP), Monetary
Fundamentals (MOF), Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator (MAT),
KDJ Momentum & Mean-Reversion Indicator (MMR); Option-implied Information: Volatility
Risk Premia (Insurance Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP);
Copula-based Crash Sensitivity (TCS) and Hedging Pressure in Futures Market (HPF); Volatility
Risk (VIX), Liquidity Risk (TED), Commodity Risk (CRB), Economic Policy Uncertainty (EPU)
indices, and relative Yield Curve Factors (YCF), in the forecasting of the term structure of carry
trade risk premia for GBPUSD via implementing the Dynamic Model Averaging (DMA) procedure
of Koop and Korobilis (2012). All empirical exchange rate models take the form of incorporating
corresponding predictor(s) into the dynamics of TSF in a TVP-VAR system. The lag number is
selected according to information criteria. The in-sample (out-of-sample) period is from January
1995 to December 2004 (January 2005 to February 2014). Tick Label: Beginning of Year.
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Figure C.3 Probability Weighting of Empirical Exchange Rate Models / Scapegoat
Variables: AUD
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Empirical Models / Scapegoat Variables Out-of-Sample Forecasts

This figure shows the probability weighting of each empirical exchange rate model or “scapegoat”
variable, including Term Structure Factors of Carry Trade Risk Premia (TSF) only (no other
“scapegoat” variables); Macroeconomic Fundamentals: Purchasing Power Parity (PPP), Monetary
Fundamentals (MOF), Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator (MAT),
KDJ Momentum & Mean-Reversion Indicator (MMR); Option-implied Information: Volatility Risk
Premia (Insurance Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based
Crash Sensitivity (TCS) and Hedging Pressure in Futures Market (HPF); Volatility Risk (VIX),
Liquidity Risk (TED), Commodity Risk (CRB) indices, and relative Yield Curve Factors (YCF), in
the forecasting of the term structure of carry trade risk premia for AUDUSD via implementing the
Dynamic Model Averaging (DMA) procedure of Koop and Korobilis (2012). The Economic Policy
Uncertainty (EPU) index is not available for AUDUSD. All empirical exchange rate models take the
form of incorporating corresponding predictor(s) into the dynamics of TSF in a TVP-VAR system.
The lag number is selected according to information criteria. The in-sample (out-of-sample) period
is from January 1995 to December 2004 (January 2005 to February 2014). Tick Label: Beginning of
Year.
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Figure C.4 Probability Weighting of Empirical Exchange Rate Models / Scapegoat
Variables: NZD
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This figure shows the probability weighting of each empirical exchange rate model or “scapegoat”
variable, including Term Structure Factors of Carry Trade Risk Premia (TSF) only (no other
“scapegoat” variables); Macroeconomic Fundamentals: Purchasing Power Parity (PPP), Monetary
Fundamentals (MOF), Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator (MAT),
KDJ Momentum & Mean-Reversion Indicator (MMR); Option-implied Information: Volatility Risk
Premia (Insurance Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based
Crash Sensitivity (TCS) and Hedging Pressure in Futures Market (HPF); Volatility Risk (VIX),
Liquidity Risk (TED), Commodity Risk (CRB) indices, and relative Yield Curve Factors (YCF), in
the forecasting of the term structure of carry trade risk premia for NZDUSD via implementing the
Dynamic Model Averaging (DMA) procedure of Koop and Korobilis (2012). The Economic Policy
Uncertainty (EPU) index is not available for NZDUSD. All empirical exchange rate models take the
form of incorporating corresponding predictor(s) into the dynamics of TSF in a TVP-VAR system.
The lag number is selected according to information criteria. The in-sample (out-of-sample) period
is from January 1995 to December 2004 (January 2005 to February 2014). Tick Label: Beginning of
Year.
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Figure C.5 Probability Weighting of Empirical Exchange Rate Models / Scapegoat
Variables: CHF
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This figure shows the probability weighting of each empirical exchange rate model or “scapegoat”
variable, including Term Structure Factors of Carry Trade Risk Premia (TSF) only (no other
“scapegoat” variables); Macroeconomic Fundamentals: Purchasing Power Parity (PPP), Monetary
Fundamentals (MOF), Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator (MAT),
KDJ Momentum & Mean-Reversion Indicator (MMR); Option-implied Information: Volatility Risk
Premia (Insurance Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP); Copula-based
Crash Sensitivity (TCS) and Hedging Pressure in Futures Market (HPF); Volatility Risk (VIX),
Liquidity Risk (TED), Commodity Risk (CRB) indices, and relative Yield Curve Factors (YCF), in
the forecasting of the term structure of carry trade risk premia for USDCHF via implementing the
Dynamic Model Averaging (DMA) procedure of Koop and Korobilis (2012). The Economic Policy
Uncertainty (EPU) index is not available for USDCHF. All empirical exchange rate models take the
form of incorporating corresponding predictor(s) into the dynamics of TSF in a TVP-VAR system.
The lag number is selected according to information criteria. The in-sample (out-of-sample) period
is from January 1995 to December 2004 (January 2005 to February 2014). Tick Label: Beginning of
Year.
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Figure C.6 Probability Weighting of Empirical Exchange Rate Models / Scapegoat
Variables: CAD
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This figure shows the probability weighting of each empirical exchange rate model or “scapegoat”
variable, including Term Structure Factors of Carry Trade Risk Premia (TSF) only (no other
“scapegoat” variables); Macroeconomic Fundamentals: Purchasing Power Parity (PPP), Monetary
Fundamentals (MOF), Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator (MAT),
KDJ Momentum & Mean-Reversion Indicator (MMR); Option-implied Information: Volatility
Risk Premia (Insurance Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP);
Copula-based Crash Sensitivity (TCS) and Hedging Pressure in Futures Market (HPF); Volatility
Risk (VIX), Liquidity Risk (TED), Commodity Risk (CRB), Economic Policy Uncertainty (EPU)
indices, and relative Yield Curve Factors (YCF), in the forecasting of the term structure of carry
trade risk premia for USDCAD via implementing the Dynamic Model Averaging (DMA) procedure
of Koop and Korobilis (2012). All empirical exchange rate models take the form of incorporating
corresponding predictor(s) into the dynamics of TSF in a TVP-VAR system. The lag number is
selected according to information criteria. The in-sample (out-of-sample) period is from January
1995 to December 2004 (January 2005 to February 2014). Tick Label: Beginning of Year.
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Figure C.7 Probability Weighting of Empirical Exchange Rate Models / Scapegoat
Variables: JPY
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This figure shows the probability weighting of each empirical exchange rate model or “scapegoat”
variable, including Term Structure Factors of Carry Trade Risk Premia (TSF) only (no other
“scapegoat” variables); Macroeconomic Fundamentals: Purchasing Power Parity (PPP), Monetary
Fundamentals (MOF), Taylor Rule (TRI); Technical Indicators: MACD Trend Indicator (MAT),
KDJ Momentum & Mean-Reversion Indicator (MMR); Option-implied Information: Volatility
Risk Premia (Insurance Cost, VRP), Skew Risk Premia (SRP), Kurtosis Risk Premia (KRP);
Copula-based Crash Sensitivity (TCS) and Hedging Pressure in Futures Market (HPF); Volatility
Risk (VIX), Liquidity Risk (TED), Commodity Risk (CRB), Economic Policy Uncertainty (EPU)
indices, and relative Yield Curve Factors (YCF), in the forecasting of the term structure of carry
trade risk premia for USDJPY via implementing the Dynamic Model Averaging (DMA) procedure
of Koop and Korobilis (2012). All empirical exchange rate models take the form of incorporating
corresponding predictor(s) into the dynamics of TSF in a TVP-VAR system. The lag number is
selected according to information criteria. The in-sample (out-of-sample) period is from January
1995 to December 2004 (January 2005 to February 2014). Tick Label: Beginning of Year.
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.C.2  Scapegoat Drivers of Customer Order Flows: Sample

Countries

Table C.1. Scapegoat Drivers of Customer Order Flows: EUR

PW Customer Order Flows
AGG AM HF PC
PPP 1.46%** 1.54%* 0.89%**
(0.73) (0.68) (0.29)
MOF 0.38%* -0.13%** 0.23*
(0.18) (0.13)
TRI -0.15%**
(0.05)
MAT -2.01%* -1.88%** -0.28%** -1.19%**
(0.82) (0.58) (0.38)
MMR -0.75E-2* -0.53E-2**  (0.59E-2%***
(0.39E-2) (0.23E-2) (0.14E-2)
VRP -0.15**
(0.06)
SRP -0.03%** -0.91E-2*%** -0.49E-2**
(0.01) (0.27E-2) (0.21E-2)
KRP 1.58E-2**
(0.63E-2)
HPF 1.43E-2* 2.51E-2%**
(0.80E-2) (0.41E-2)
TCS
VIX -0.02*
(0.01)
TED -0.57E-2***
(0.29E-2)
CRB -3.99E-2***
(0.74E-2)
EPU -0.03%**
(0.01)
Adj — R? 0.27 0.30 0.19 0.18

This table reports the drivers of customer order flows, both aggregate (AGG) and disaggregate order
flows from asset managers (AM), corporate clients (CC), hedge funds (HF), and private clients (PC).
The candidate “scapegoat” variable reported in highlight is the product of the value per se and the
corresponding probability weighting obtained from the forecasting of the term structure of carry trade
risk premia / exchange rate returns for EURUSD via implementing the Dynamic Model Averaging
(DMA) procedure of Koop and Korobilis (2012). HAC standard errors with optimal lag selection are
reported in the parentheses. ¥, “**’ and “*** represents statistical significance at 10%, 5%, and 1%
level of parameter estimates. The sample period is from January 2001 to February 2014.

224



Table C.2. Scapegoat Drivers of Customer Order Flows: GBP

PW Customer Order Flows
AGG AM CC HF PC
PPP 0.15** 0.11%**
(0.07) (0.03)
MOF 0.05E-2**
(0.02E-2)
TRI
MAT -0.53E-2*
(0.32E-2)
MMR -0.56E-2** -0.33E-2%** (. 18E-2***
(0.26E-2) (0.12E-2) (0.06)
VRP -0.30*** -0.17%**
(0.10) (0.05)
SRP
KRP -0.05E-2**
(0.02E-2)
HPF
TCS -0.40E-2*
(0.21E-2)
VIX -0.81E-2**
(0.33E-2)
TED -0.36E-2*
(0.21E-2)
CRB 0.14E-2%**
(0.05E-2)
EPU
Adj — R? 0.09 0.10 0.05 0.12 0.07

This table reports the drivers of customer order flows, both aggregate (AGG) and disaggregate order
flows from asset managers (AM), corporate clients (CC), hedge funds (HF), and private clients (PC).
The candidate “scapegoat” variable reported in highlight is the product of the value per se and the
corresponding probability weighting obtained from the forecasting of the term structure of carry trade
risk premia / exchange rate returns for GBPUSD via implementing the Dynamic Model Averaging
(DMA) procedure of Koop and Korobilis (2012). HAC standard errors with optimal lag selection are
reported in the parentheses. “*’, “**’ and ‘*** represents statistical significance at 10%, 5%, and 1%
level of parameter estimates. The sample period is from January 2001 to February 2014.
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Table C.3. Scapegoat Drivers of Customer Order Flows: AUD

PW Customer Order Flows
AGG AM CC HF PC
PPP 0.70***
(0.26)

MOF -0.37TE-2*

(0.21E-2)
TRI
MAT -0.20E-2***

(0.06E-2)
MMR -0.14E-2* -0.20E-2**  (.21E-2***

(0.08E-2) (0.10E-2) (0.04E-2)
VRP -0.06**
(0.03)
SRP -0.19E-2*
(0.11E-2)
KRP -0.31E-2**
(0.13E-2)
HPF 0.22E-2%%* 0.12E-2** (0.06E-2**
(0.08E-2) (0.05E-2) (0.03E-2)
TCS
VIX -1.33E-2** 0.70E-2**
(0.61E-2) (0.30E-2)
TED 0.02** 0.46E-2*
(0.01) (0.28E-2)

CRB 0.20E-2%*

(0.10E-2)
Adj — R? 0.11 0.09 0.03 0.11 0.25

This table reports the drivers of customer order flows, both aggregate (AGG) and disaggregate order
flows from asset managers (AM), corporate clients (CC), hedge funds (HF), and private clients (PC).
The candidate “scapegoat” variable reported in highlight is the product of the value per se and the
corresponding probability weighting obtained from the forecasting of the term structure of carry trade
risk premia / exchange rate returns for AUDUSD via implementing the Dynamic Model Averaging
(DMA) procedure of Koop and Korobilis (2012). HAC standard errors with optimal lag selection are
reported in the parentheses. ‘“*’, “**’ and ‘“*** represents statistical significance at 10%, 5%, and 1%
level of parameter estimates. The sample period is from January 2001 to February 2014.
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Table C.4. Scapegoat Drivers of Customer Order Flows: NZD

PW Customer Order Flows
AGG AM CC HF PC
PPP
MOF 0.10E-2%**
(0.04E-2)

TRI -0.06E-2***
(0.02E-2)

MAT -0.12E-2%**

(0.04E-2)

MMR 1.19E-4***
(0.35E-4)

VRP -0.14E-2*** -0.40E-2%**  _0.12E-2***

(0.05E-2) (0.12E-2) (0.04E-2)

SRP

KRP -0.55E-4***
(0.10E-4)

HPF

TCS 0.20E-2**

(0.09E-2)

VIX

TED

CRB

Adj — R? 0.01 0.02 0.07 0.05 0.19

This table reports the drivers of customer order flows, both aggregate (AGG) and disaggregate order
flows from asset managers (AM), corporate clients (CC), hedge funds (HF), and private clients (PC).
The candidate “scapegoat” variable reported in highlight is the product of the value per se and the
corresponding probability weighting obtained from the forecasting of the term structure of carry trade
risk premia / exchange rate returns for NZDUSD via implementing the Dynamic Model Averaging
(DMA) procedure of Koop and Korobilis (2012). HAC standard errors with optimal lag selection are
reported in the parentheses. ‘*’, “**’ and ‘***’ represents statistical significance at 10%, 5%, and 1%
level of parameter estimates. The sample period is from January 2001 to February 2014.
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Table C.5. Scapegoat Drivers of Customer Order Flows: CHF

PW Customer Order Flows
AGG AM CcC HF PC
PPP -4.29E-2%* 3.93E-2%*
(1.84E-2) (1.77E-2)
MOF -0.05**
(0.02)
TRI 0.14*%*
(0.03)
MAT
MMR -0.28E-2** 0.40E-2***
(0.13E-2) (0.09E-2)
VRP
SRP -0.15E-2**
(0.07E-2)
KRP -1.11E-4%**
(0.43E-4)
HPF
TCS
VIX 0.98E-2*%** -0.70E-2***
(0.35E-2) (0.16E-2)
TED
CRB
Adj — R* — 0.12 0.11 — 0.16

This table reports the drivers of customer order flows, both aggregate (AGG) and disaggregate order
flows from asset managers (AM), corporate clients (CC), hedge funds (HF), and private clients (PC).
The candidate “scapegoat” variable reported in highlight is the product of the value per se and the
corresponding probability weighting obtained from the forecasting of the term structure of carry trade
risk premia / exchange rate returns for USDCHF via implementing the Dynamic Model Averaging
(DMA) procedure of Koop and Korobilis (2012). HAC standard errors with optimal lag selection are
reported in the parentheses. ‘“*’, “**’ and ‘“*** represents statistical significance at 10%, 5%, and 1%
level of parameter estimates. The sample period is from January 2001 to February 2014.
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Table C.6. Scapegoat Drivers of Customer Order Flows: CAD

PW Customer Order Flows
AGG AM CcC HF PC
PPP 0.56%** 0.13***
(0.16) (0.04)
MOF 1.44E-2*** 1 _30E-2**
(0.38E-2) (0.54E-2)
TRI -0.02* -0.03**
(0.01) (0.01)
MAT -0.36** -0.52%*
(0.18) (0.20)
MMR -0.88E-3**
(0.37E-3)
VRP -3.04E-2*** -1.21E-2%**
(1.09E-2) (0.46E-2)
SRP -1.09E-2%* -1.19E-2***
(0.46E-2) (0.26E-2)
KRP
HPF
TCS
VIX -1.35E-2* -0.06E-2**
(0.75E-2) (0.02E-2)
TED -1.20E-2%*
(0.48E-2)
CRB
EPU
Adj — R? 0.20 0.14 0.09 0.21 0.14

This table reports the drivers of customer order flows, both aggregate (AGG) and disaggregate order
flows from asset managers (AM), corporate clients (CC), hedge funds (HF), and private clients (PC).
The candidate “scapegoat” variable reported in highlight is the product of the value per se and the
corresponding probability weighting obtained from the forecasting of the term structure of carry trade
risk premia / exchange rate returns for USDCAD via implementing the Dynamic Model Averaging
(DMA) procedure of Koop and Korobilis (2012). HAC standard errors with optimal lag selection are
reported in the parentheses. “*’, “**’ and ‘*** represents statistical significance at 10%, 5%, and 1%
level of parameter estimates. The sample period is from January 2001 to February 2014.
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Table C.7. Scapegoat Drivers of Customer Order Flows: JPY

PW Customer Order Flows
AGG AM CC HF PC
PPP 1.02%* 0.81**
(0.51) (0.33)
MOF 0.07***
(0.03)
TRI
MAT
MMR 0.24E-2***
(0.05E-2)
VRP
SRP 0.64E-2** -0.81E-2%**
(0.29E-2) (0.38E-2)
KRP 0.17E-2*
(0.09E-2)
HPF
TCS
VIX -0.08**
(0.03)
TED -0.02%** 0.11E-2%*
(0.01) (0.06E-2)
CRB -0.14%**
(0.05)
EPU
Adj — R>  0.02 0.12 — 0.15 0.11

This table reports the drivers of customer order flows, both aggregate (AGG) and disaggregate order
flows from asset managers (AM), corporate clients (CC), hedge funds (HF), and private clients (PC).
The candidate “scapegoat” variable reported in highlight is the product of the value per se and the
corresponding probability weighting obtained from the forecasting of the term structure of carry trade
risk premia / exchange rate returns for USDJPY via implementing the Dynamic Model Averaging
(DMA) procedure of Koop and Korobilis (2012). HAC standard errors with optimal lag selection are
reported in the parentheses. “*, “**’ and “*** represents statistical significance at 10%, 5%, and 1%
level of parameter estimates. The sample period is from January 2001 to February 2014.
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