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Survey Expectations Meet Option Prices:

New Insights from the FX Markets

Abstract

We reconcile two sources of forward-looking expectations for currency returns: consensus fore-
casts from major financial intermediaries and over-the-counter currency option prices. To con-
nect these expectations, we adopt a broad framework based on no-arbitrage conditions and
motivated by various benchmark asset pricing models. Using more than twenty years of data
on a large cross-section of currency pairs with maturities of up to two years, we find that the
average value of general risk preferences is between 3 and 4. The general risk preferences, more-
over, display an upward-sloping term structure in ‘good times’ and a downward-sloping term

structure during ‘bad times’.
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1 Introduction

The asset pricing literature has documented that large and time-varying risk premia are pervasive
across asset classes, including the foreign exchange (FX) market. It is now well accepted that
variation in risk premia helps explain the uncovered interest parity (UIP) failure, starting with
Hansen and Hodrick (1980) and Fama (1984), the cross-section in currency excess returns (e.g.,
Lustig, Roussanov, and Verdelhan, 2011), the performance of global investment strategies such as
the carry trade (e.g., Menkhoff, Sarno, Schmeling, and Schrimpf, 2012), or contribute to exchange
rate predictability (e.g., Della Corte, Ramadorai, and Sarno, 2016; Kremens and Martin, 2019;
Della Corte, Jeanneret, and Patelli, 2023).

A fundamental question is obviously what drives such risk premia. In the asset pricing literature,
investor risk preferences are assumed to be time-invariant (e.g., models with long-run risk and
recursive preferences) or time-varying (e.g., models with habit preferences). In either case, risk
preferences agents are independent of their forecast horizon, which means there is essentially a flat
term structure of risk preferences. This is a strong assumption that ought to be challenged.! For
example, shall we expect FX investors to perceive the risk of a currency crash similarly if their
investment horizon is one month vs. one year? Probably not. How should the term structure of
such perceived risk look like? It remains unclear to date. As these questions illustrate, one reason
we have a poor understanding of risk premia in the FX market is because we have limited knowledge
of the term structure of risk preferences and, in particular, how this term structure varies across

economic or financial conditions.

In this paper, we uncover a set of new facts on the term structure of risk preferences. We first show
that we can extract, from no-arbitrage conditions, a utility-free measure of risk preferences for FX
market participants, without imposing any temporal or horizon restrictions. We label it the Risk

Preference Index or RPI. We empirically estimate RPI by matching expected exchange rate returns

'Such assumption may also appear at odds with the empirical evidence that the term structure of risk premia
varies over the business cycle, as we observe in the equity market for example (Gormsen, 2021).



from professional forecasters and exchange rate premia computed from option prices. Specifically,
by exploiting forecasts over different horizons and options with corresponding maturities, we can
obtain the term structure of risk preferences for FX participants. A key advantage of our approach
is that our measure of risk preferences captures attitudes towards risk along different dimensions.
In this sense, we are able to make general statements about horizon-dependent risk preferences,

which have clear and distinct interpretations depending on the considered model or utility function.

Our main results are as follows. First, we find that the attitude of FX investors towards risk is
broadly consistent with what we see in the equity option market. For example, in the specific
case of power utility, our average RPI estimate implies a relative risk aversion (RRA) coefficient
of about 4, thus departing from the log utility benchmark considered in the recent predictability
literature (e.g., Kremens and Martin, 2019; Della Corte, Jeanneret, and Patelli, 2023).2 Second,
the unconditional term structure of RPI is downward-sloping, that is FX traders demand a greater
compensation for risk in the short term than in the long term. Third, a conditional analysis reveals
that the negative term structure slope strengthens in bad times, but becomes upward-sloping in
good times. Hence, the preferences for avoiding risk is greater in the shorter term during bad times,
but greater in the longer term during good times. Our findings thus provide novel insights on the

term structure of risk preferences, both unconditionally and conditionally.

The conceptual framework that we use to measure FX risk premia and extract risk preferences is
purely model free. That is, we do not need to assume any utility function of the representative
agent, stationary properties, or restrictions on the underlying stochastic process. Specifically, our
theoretical framework exploits an equivalent version of the no-arbitrage condition in asset pricing —
the existence of the so-called growth optimal portfolio.® The risk-neutral expression of the expected

excess exchange rate return (or risk premium), for currency ¢ over the horizon 7' —t, can be written

*Exploiting the cross-section of options prices on the S&P500, Bliss and Panigirtzoglou (2004) obtain a coefficient
of RRA of 3.72 under the assumption of power utility.

3The growth optimal portfolio has been early considered in Kelly (1956), Roll (1973), Fama and MacBeth (1974),
Markowitz (1976), Long (1990), and more recently in Alvarez and Jermann (2005), Martin (2012), Martin and Wagner
(2019), and Martin and Shi (2024) in the context of the equity market.



as:
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where R, 7 denotes the gross return of the growth optimal portfolio, which is inversely related to

the stochastic discount factor (SDF), and %Z:: is the gross exchange rate return. As in Martin and

Shi (2024), the return of the optimal growth portfolio is a power function of the market return

Ryr = Rf@,w where R,, 7 is proxied by S&P 500 index.

Essentially, the currency risk premium reflects the risk-neutral covariance between the exchange
rate and a ”levered” version of the market index, where the parameter ¢ reflects the agent’s risk
preferences (RPI). The level of ¢ is intrinsically related to an aversion towards higher-order risk.
As an example, when ¢ = 2, investors require a compensation for the comovement between the
exchange rate and both the return and the variance of the market. Our approach thus generalizes
the versions of Kremens and Martin (2019) and Della Corte, Jeanneret, and Patelli (2023), which

correspond to the specific case of ¢ = 1.

To estimate RPI empirically, we combine information from survey based consensus forecasts and
option prices. Essentially, we use the equality (1) and obtain ¢ by matching exchange rate forecasts
(left-hand side) to an option-implied currency risk premium (right-hand side). We compute a
currency-level measure of risk premium as the risk-neutral covariance Cov; in (1), using 1-month
to 24-month options on the S&P 500 and individual exchange rates. We then identify, in a panel,
the value of ¢ such that our theoretically-implied risk premium best matches observable expected
excess exchange rate returns, using 1-month-ahead to 24-month-ahead professional forecasts. Our
estimation exploits a cross-section of G30 currencies against the USD over the sample spanning the
1996 to 2020 period. Unconditionally, we obtain an RPI estimate equal to 4.25 that is statistically

significantly different from one, clearly departing for the log utility case. This estimate also suggests



that FX investors are highly sensitive to high-order risk,* which aligns with the evidence that equity

tail risk is priced in the currency market (Fan, Londono, and Xiao, 2022).

Our approach allows us to explore the term structure of risk preferences, which we obtain by
estimating RPI using options of different maturities and forecasts of different horizons. We find
that RPI decreases from 4.5 at the one-month horizon to 1.75 at the three-month horizon, and
to 1.6 at the two-year horizon. That is, investors care less about (higher-order) risk as their
forecast horizon increases. One possible explanation is that the risk of a currency crash matters
less to investors over a longer horizon, as a currency has more time to recover following a severe
depreciation.” At the one-month horizon, however, a currency would not have time to recover
following a crash, which translates into severe losses. Investors are then more fearful towards such

tail risk events when their horizon is shorter, which is expressed by a higher RPI.

This downward-sloping term structure in risk preferences is in line with existing evidence that
the price of higher-order risk is concentrated in the very short term. For example, Dew-Becker,
Giglio, Le, and Rodriguez (2017) show that, while the spot variance risk premium in the S&P500
index market is large, forward premia are insignificant at maturities in excess of a month or two.
Della Corte, Kozhan, and Neuberger (2021) obtain a similar result in the FX market, which indi-
cates that equity and currency investors display similar pattern in terms of aversion to high-order
risk. In addition, Lustig, Stathopoulos, and Verdelhan (2019) show that the profitability of the
carry trade declines to zero as the maturity of the bonds increases, which implies a term structure of
carry trade risk premia that is also downward sloping. A similar result is documented in Zviadadze

(2017).

4A larger value of ¢ implies that higher-order market return risk are priced in the FX market. Consistent with
this, Backus, Chernov, and Martin (2011) show that, when departing from the special case of lognormal distributions,
investors are more sensitive to high-order cumulants when their risk aversion increases.

SExamples of recent currency crashes include the severe depreciation in the Australian and Canadian dollar in Fall
2008 (Great Financial Crisis) and in Spring 2020 (Covid-19 crisis), the fall in British pound in Winter 2016 (Brexit),
and the fall in the Russian Ruble in February 2022 (Russian-Ukrainian war). Most of these currencies have fully
recovered within a few months.

5This pattern is consistent with the downward-sloping term structure of risk premia in equity markets, documented
in Binsbergen, Brandt, and Koijen (2012), Weber (2018), Gongalves (2021), Gormsen (2021), among others.



We then turn to a conditional analysis of the term structure of risk preferences. To do so, we split
our sample according to the degree of financial conditions prevailing in the market and estimate
RPI on each subsample separately for different horizons.” Specifically, we consider periods of high
vs. low level of CBOE equity-option implied volatility index (VIX) and, alternatively, use the level
of the option-implied volatility for a basket of G7 currencies (VXY). The term structure of RPI
has a steep negative slope in times of market stress (high volatility), which turns positive during
more favourable times (low volatility).® Specifically, it is the action in the short end that largely
drives the fluctuations in the term structure slope: RPI at a one-month horizon switches from a
high level (low tolerance to risk) during adverse times to a negative level (high willingness to take

risk) during favorable periods, creating the sign change of the term structure slope.

While our measure of risk preferences remains quite general, given our model-free approach, it
allows for a clear interpretation once a specific utility function is considered. For example, the
parameter ¢ corresponds to the constant RRA coefficient of an unconstrained representative in-
vestor with power utility whose entire wealth is invested in the market. Alternatively, ¢ can be
endogenously time varying in a model with heterogeneous agents (Chan and Kogan, 2002), thereby
rationalizing a variation in RPI over the business cycle. In the case of recursive preferences, ¢ cap-
tures the preference for early resolution of uncertainty. Since our methodology nests various cases
studied in the literature, our empirical estimates of RPI can be used in many different contexts

and applications.

Our paper contributes to the literature in four ways. First, we consider a utility-free environment
to extract a measure of risk preferences, which jointly encompasses risk aversion and attention to
high-order risk. While the relation between the optimal growth portfolio and the power of market
return is consistent with various model classes, as we show in the paper, our approach is not tied

to specific model assumptions. In this regard, our framework aimed to understand FX risk premia

"Our model-free approach addresses the critique of Bekaert, Engstrom, and Xu (2021) that various studies estimate
time-varying risk aversion measures motivated by models that essentially assume a constant risk aversion coefficient
and hence are inherently inconsistent.

80ur finding can help explain Bansal, Miller, Song, and Yaron (2021)’s finding that, in the equity market, the
term structure of expected dividend strip returns is downward sloping in bad times and upward sloping in good times.



generalizes the work of Kremens and Martin (2019). Second, using an empirical representation of
identity (1), we can estimate RPI by simple OLS regressions. The simplicity of this approach is in
contrast to existing methods to extract preferences from macroeconomic data and financial asset
prices (e.g., Bekaert, Engstrom, and Xu, 2021; Orlowski, Sokolovski, and Sverdrup, 2021). Third,
we use observable expected exchange rate returns to measure the left-hand side of (1). While the
literature has typically considered past or ex post realized returns, we instead exploit survey data
from professional forecasters. Our approach allows us, therefore, to compare the risk premium
computed from forward-looking option prices and the consensus-based expected excess return at
the daily frequency and for a cross-section of currencies. In particular, given that forecasts and
options are available for different horizons, we can explore how RPI varies in the short term vs.

the more distant future.

Abundant anecdotal evidence supports the notion that individuals tend to exhibit a greater aver-
sion to risks that are proximate in time, as opposed to those that are distant.” For example when
planning for distant or future travel, a person may be inclined to take risks, explore unfamiliar
destinations, and engage in thrilling adventures. However, as the departure date approaches, her
behavior tends to shift toward greater risk aversion, particularly with regard to immediate travel
hazards such as extreme sports or potentially dangerous activities. Likewise, when it comes to
immediate health and safety concerns, people frequently adopt a more risk-averse stance, exercis-
ing caution in engaging in activities that pose a high risk of injury or illness. Conversely, when
confronted with long-term health risks associated with lifestyle choices, such as the development of
chronic illnesses due to smoking, individuals may display a higher tolerance for risk. Our contri-
bution is to quantify how risk preferences vary with the investors’ horizon and to show a strongly

downward-sloping term structure.

Regarding the conditional variation in the term structure slope, our paper relates to a growing

9The finding that risk aversion decreases with the temporal horizon is also consistent with various field and
laboratory experiments. See, for example, Holt and Laury (2002), Coble and Lusk (2010), Abdellaoui, Diecidue, and
Onciiler (2011), Eisenbach and Schmalz (2016) for a review on horizon-dependent risk aversion. Building on these
insights, Eisenbach and Schmalz (2016) and Andries, Eisenbach, and Schmalz (2019) develop models that account
for investors being more risk averse for shorter horizons. The authors show that allowing for horizon-dependent risk
aversion helps resolve various asset pricing puzzles.



literature on extracting time-varying preferences from surveys, experiments, or asset prices. Specif-
ically, our result that risk preferences vary across economic conditions is consistent with evidence
observed in other markets. For example, Guiso, Sapienza, and Zingales (2018) show that investors’
risk aversion increases after the 2008 crisis, by comparing the risk premium investors would pay to
eliminate a simple gamble. Baker and Wurgler (2006) estimate a time-varying measure of sentiment
for stock investors. Cohn, Engelmann, Fehr, and Maréchal (2015) show, in a lab experiment, that
investors’ fear increases as the financial environment becomes riskier. Pflueger, Siriwardane, and
Sunderam (2020) extract a measure of perceived risk from stock investors and show that it varies
over the business cycle. Finally, Bekaert, Engstrom, and Xu (2021) and Ortowski, Sokolovski, and
Sverdrup (2021) use macro data and financial asset prices to extract a measure of time-varying ag-
gregate risk aversion and the stochastic discount factor, respectively. Consistent with these studies,
our estimate of RPI increases during recessions and periods of heightened uncertainty, suggest-
ing that FX market participants are less tolerant towards risk as economic/financial conditions
worsen. A fundamental difference between our paper and this literature is that we analyze how

risk preferences vary with the investment horizon.

Overall, this paper introduces a novel model-free approach to extract risk preferences in the FX
market using survey forecasts and option prices. Utilizing this methodology, we offer fresh insights
into the term structure of risk preferences, both unconditionally and conditionally. These findings

have significant implications for understanding currency risk premia.

The remainder of the paper is organized as follows. Section 2 illustrates our conceptual framework
of risk premium in the FX market. Section 3 describes the construction of the main variables and
presents our framework to estimate the term structure of risk preferences. Section 4 reports and
discusses the results. We conclude in Section 5. The Internet Appendix contains technical details

and presents additional results not included in the main body of the paper.



2 Theory

Consider a currency strategy that converts a dollar into foreign currency at time ¢, lends at the
foreign riskless rate between times ¢t and 7', and then exchanges the proceeds denominated in foreign
currency for dollars at time 7. Using the euro (€) as the foreign currency to ease the notation,

this strategy’s gross return is equivalent to

ST €
RT - ERf’t’

where S; is the spot exchange rate at time ¢ defined as units of dollars per unit of euro such that
an increase in Sy reflects an appreciation of the euro, and R?t denotes the euro gross riskless rate

observed at time ¢ with maturity 7" — t.

The fundamental asset pricing equation states that E, [/ MpRr] = 1 and implies the following ex-

pression of currency excess return:

s
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where E; and Covy are the real-world expectation and covariance operators, respectively, conditional
on all information available at time ¢, Rf} , denotes the dollar gross riskless rate observed at time
t with maturity 7" — t, and My refers to a stochastic discount factor (SDF) that prices assets

denominated in dollars at time 7" with E;[Mrp| =1/ Rf}t.lo

The identity presented in Equation (2) states that FX investors demand a time-varying risk pre-
mium that depends on the conditional covariance between the SDF and the gross exchange rate
return. Note that if the SDF were constant conditional on information available at time ¢ (or

the physical measure equals the risk-neutral one), the covariance term would disappear and the

10We do not need to assume complete markets, which means there may exist alternative SDFs that price assets
denominated in dollars. However, all these SDF's must agree with M on the prices of future dollar payoffs we focus
on.



expected excess return would be zero — it corresponds to the Uncovered Interest Parity.

The risk-adjustment component in Equation (2) is important to understand currency excess re-
turns and cannot be empirically neglected (e.g., Fama, 1984; Lustig, Roussanov, and Verdelhan,
2011). This covariance should thus be informative about risk preferences. However, the SDF is
unobservable ex-ante and likely to change over time and over the investment horizon, thus making
it difficult to determine how investor preferences exactly shape this covariance. We now consider a

model-free approach that addresses this issue.

2.1 Expected risk premium and risk preferences

We exploit a fundamental property of the growth optimal portfolio, which states that Mr R, = 1,
where Ry 7 is the gross return on the growth optimal portfolio. Specifically, we assume that this
gross return on the growth optimal portfolio is a power function of the gross return on the market
portfolio, such that R, 7 = Rf;’T. The parameter ¢ reflects the investors’ risk preferences, which

are quite general given we consider a model-free approach.

This parameter has a clear interpretation once a specific utility function is considered, as demon-
strated in Online Appendix A. For example, for an unconstrained power utility agent who invests
in the market, the solution of the static portfolio choice problem implies that R, = Rf%T must
be the growth optimal portfolio return, with ¢ representing the agent’s constant Relative Risk
Aversion (RRA) coefficient. This case confirms that the return of the optimal growth portfolio is
proportional to a power function of the market return, as in Martin and Shi (2024). A similar
result emerges in a setting with ambiguity aversion (Hansen, 2007). In addition, we show that ¢
can vary endogenously over time in a model with heterogeneous agents, as discussed in Chan and
Kogan (2002) and Longstaff and Wang (2012), which will later motivate our conditional analysis of

risk preferences. Therefore, our specification aligns with several important models in the literature.

We now use the growth optimal portfolio to derive an alternative version of Equation (2), enabling

us to determine how risk preferences influence currency excess returns. This result is presented in



Proposition 1.

Proposition 1. Starting from the existence of a growth optimal portfolio, i.e. MrRqr =1, and

the assumption Ry 1 = RflT, we can rewrite Equation (2) as follows:

RS R
| 3F) - 25 = cont (2 5T, Q
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where B and Cou; are the risk-neutral expectation and covariance operators, respectively, condi-

tional on all information available at time t, and Ef[Rﬁl o) =R .
Proof. See Online Appendix B.1. O

We hereafter refer to the above risk-neutral covariance term as the currency’s expected risk premium
or simply ERP? . Essentially, ERPftzb reflects the risk-neutral covariance between the exchange rate
and a ”levered” version of the market index. Proposition 2 presents an explicit expression for the

expected risk premium in function of investors’ risk preferences ¢.

Proposition 2. The expected risk premium, for a given level of ¢, can be expressed as follows:

—1
ERP{ = ¢ ERP, L2l . )Cm}; ( 2 (R — 1), ST) , (4)
2Rf,t St
where
1 s
1 _ * T
ERP! = —R%(covt (Rm,T, —St) (5)

1s the expected risk premium when ¢ = 1.

Proof. See Online Appendix B.2. O
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Proposition 2 shows that ERPf’ is equivalent to ¢ times ERP; plus a non-linear term that increases
with ¢. For an easy interpretation of the results, it is helpful to consider the power utility case
with lognormal shocks, where ¢ represents the level of risk aversion. Equation (4) illustrates that
higher risk aversion leads to a higher expected risk premium, as one would expect. However, the
risk premium does not increase linearly with risk aversion, as it would be the case with lognormal
shocks. When we allow for any distribution of market returns and exchange rates, higher risk
aversion also leads investors to be more concerned with higher-order risk (see Backus, Chernov,
and Martin, 2011), as reflected in the non-linear term. This term can be either positive or negative,
depending on the sign of the risk-neutral covariance in Equation (4), which varies based on the

characteristics of the currency.

To better understand our framework, it is useful to consider a couple of special cases. In the
specific case of ¢ = 1, the expected risk premium exactly corresponds to the quanto risk premium
considered in Kremens and Martin (2019). In this scenario, investors only require a compensation
for the comovement between the exchange rate and the market. This situation arises when a log
utility representative agent fully invests in the market, as also analyzed in Della Corte, Jeanneret,
and Patelli (2023). Therefore, our approach generalizes the currency risk premium examined in

these two studies.

Another simple but insightful case is when ¢ = 2, as the expected risk premium simplifies to

1
ERP? = 2ERP; + ¢ Cov} ((Rm,T ~ 1), if) : (6)
fit

where the first part amounts to twice ERP;, and the second one captures a non-linear term reflecting

how the exchange rate additionally comoves with market variance.'*

As these examples suggest, the level of ¢ is intrinsically related to attention towards higher-order

risk. The higher the level ¢, the more the expected risk premium reflects a compensation for high-

" The risk-neutral covariance in Equation (6) could be synthetically priced as a quanto contract on the payoff of a
variance swap written on the market return, and interpreted as the co-skewness between exchange rate returns and
the market implied variance (e.g., the squared of the VIX index).

11



order risk such as co-skewness (¢ = 2), co-kurtosis (¢ = 3), and so on. We discuss the role of these

high-order moments in Online Appendix B.3.

In sum, we have used the properties of the growth optimal portfolio to derive a currency’s expected
risk premium in function of a utility-free measure of risk preferences, ¢. We hereafter use the term
'risk preference index’ or RPI to denote ¢. The level of RPI reflects the degree of risk aversion in
the power utility case, as well as the attention to high-order risk when one departs from this utility
and the lognormal environment. Our objective in the rest of the paper is to extract a T-dependent
estimate of RPI from the data and to shed new light on the term structure of risk preferences in

the FX market.

3 Empirical Methodology

In this section, we present our approach to empirically estimate ¢, based on the framework de-
veloped in Section 2. We then describe the construction of the main variables, using professional
forecasts to measure expected currency excess returns and option data to estimate the expected
currency risk premium. Finally, we discuss the main contributions of our empirical approach, before

presenting the results in Section 4.

3.1 Approaches to empirically estimate ¢

We can write an empirical representation of Equation (3) as follows

$ ¢
SiT:| R, Ror  Sir
}Et[ —| — == =ay+ Py Covi | ———, = |, (7)
Sul Ry 0T \EIRG ) S
ERX; 1 ER;?’,t,T

where ERX; ; 7 denotes the expected excess return and ERPft o is the expected risk premium for

a given ¢, both measured at time ¢ over the horizon T — ¢ for currency ¢ relative to the US dollar.

12



The expected risk premium we derive in Section 2 implies that ay = 0 and 34 = 1 in the empirical
representation (7). We can thus exploit this condition in our empirical analysis to estimate the
coefficient ¢. Specifically, we propose to estimate specification (7) by OLS for different values of
¢, using a panel of currencies, and then select the regression slope coefficient 34 that is closest to

0ne.12

Our theory also suggests a complementary approach for inferring ¢ from the data. If the non-linear
term in Equation (4) is negligible, we have ERX;zs ~ ngRPgl) and we can then use a simplified

version of the specification (7):
1
ERX; 1 = a + SERP!), (8)
where ERPE?T represents the expected risk premium for currency ¢ in the case of ¢ = 1. In this
case, we can infer ¢ from the estimate of 5 directly. If, however, the non-linear term becomes
non-negligible, e.g., in periods of financial market stress, the estimate of 8 would not provide a

good approximation of ¢. We can easily compare the ¢ estimated obtained using both approaches

and, thus, assess the importance of the non-linear term in Equation (4).

We now describe how we construct, for each currency pair, the dependent variable (the expected
excess return) and the independent variable (the expected risk premium) used to estimate specifi-

cations (7) and (8).

3.2 Measuring expected currency excess returns

For each currency ¢, we measure expected currency excess return as follows

$
E:[Sir] Ity

ERXi,t,T - ] FE)
) fit

(9)

12We do not use the condition ag = 0 because a is expected to vary across currencies, capturing trading frictions
or transaction costs that typically differ across currency pairs.

13



where E; [S; 7] is the exchange rate forecast at time t over the horizon 7' — ¢ and S, is the spot
exchange rate at time t. For the former, we collect monthly forecasts with a horizon of 1, 3, 12, and
24 months from the Foreign Exchange Consensus Forecasts Database, a comprehensive monthly
survey compiled by Consensus Economics; we then use a linear extrapolation method to retrieve
daily forecasts. For the latter, we use WM /Refinitiv Spot Rates from Datastream. The last term in
Equation (9) is the ratio of gross interest rates observed at time ¢ with maturity 7" — ¢ for currency
i( }t) and the US dollar (R?t). For the construction of these components, we rely on daily
zero-coupon rates bootstrapped from money market rates and interest rate swaps obtained from

Bloomberg. Ultimately, we match the maturity of interest rates to that of exchange rate forecasts.

3.3 Measuring the expected currency risk premium

We now describe the construction of the expected risk premium, which is given by

R? S
ERP? .. = Covi | — =l 2iT ) 10
ot t(E;[an,T] Sm) (19)

The above risk-neutral covariance is not directly observable from market prices, except for the
case of ¢ = 1, which is discussed in Kremens and Martin (2019). To overcome this challenge, we

decompose the risk-neutral covariance into its three distinct components:

COV;gk ( *Ril(;,T a%’T> = pz,iﬂg V&I’%k ()}KR?;L(;T ) Var;" <SS’i’T> s (11)
B[R, 7] Pit B[Ry 1] bt

where p;,i,t captures the risk-neutral correlation between szT and S; 7/S;, while the two vary

terms denote the risk-neutral variance of the stock market return (for different levels of ¢) and that
of exchange rate returns, respectively. These quantities are measured at time ¢ over the same horizon
T —t. While the risk-neutral variances can be constructed using the Breeden-Litzenberger method
applied to equity index and currency options (see Appendix C.2), the risk-neutral correlations

for different level of ¢ are not directly observable. We instead use the backward-looking realized

14



correlation between Rf@ o+ and S; 7/8S;+ between times ¢t — T and ¢ as a proxy. For example, if pj; it
is the 1-year risk-neutral correlation at time ¢, our proxy is the 1-year realized correlation measured

over the previous year.!?

Equity index option prices are based on the daily implied volatility surface of SPX European
options, as provided by OptionMetrics. We use observations from January 1996 to December 2020.
We also take the yield curve term structure from OptionMetrics. We revert the implied volatility
back to option prices to compute the risk-neutral moments of the S&P 500 index returns with

maturities of 1, 3, 12 and 24 months.

FX option prices are converted from implied volatility data collected over-the-counter (OTC)
currency options from JP Morgan and Bloomberg. The quoted implied volatilities, in terms of
Garman and Kohlhagen (1983), are on baskets of constant maturity plain vanilla options for fixed
deltas (0). From these data, we recover the implied volatility smile ranging from a 10§ put to a
106 call option. To convert deltas into strike prices and implied volatilities into option prices, we
employ exchange rates and zero-yield rates obtained by bootstrapping money market rates and

interest rate swap data from Datastream and Bloomberg.

Using the realized correlation and the risk-neutral variances, we can finally compute the daily
expected risk premium ERP?t o for each of the 30 currency pairs and different levels of ¢ between

1 and 24 months.

3.4 Advantages of our methodology

Our methodology contributes to the literature in four major ways. First, we consider a model-free
environment to extract risk preferences. While the relation between the optimal growth portfolio
and the power of market return is consistent with various model classes, as discussed in Online

Appendix A, our approach is not tied to specific model assumptions. In this regard, our framework

13We show in Online Appendix C.1 that the risk-neutral correlation, implied from the Quanto contracts used in
Kremens and Martin (2019), is close to the realized correlation between the market and exchange rate returns. So
we can conclude that the realized correlation is a reasonable proxy for the risk-neutral correlation.
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generalizes Kremens and Martin (2019), which builds on investors having log utility. Second, using
the two empirical representations provided in Section 3.1, we can estimate ¢ by comparing the
simple OLS regressions with ERP??LT when the non-linear term is negligible. The simplicity of this
approach is in contrast to existing methods to extract preferences from macroeconomic data and
financial asset prices, as in Bekaert, Engstrom, and Xu (2021) or Ortowski, Sokolovski, and Sverdrup
(2021) for example. Third, we use observable expected exchange rate return to measure the left-
hand side of Equations (7) and (8), i.e., ERX; ;7. While the literature has typically considered
past or ex post realized returns, we instead exploit survey data from professional forecasters. Our
approach allows us, therefore, to compare the expected risk premium (ERP?LT) computed from
forward-looking option prices and the consensus-based expected excess return (ERX;;r) at the
daily frequency and for a cross-section of currencies. Last but not least, given that forecasts and
options are available for different horizons, we can shed light on the term structure of our risk

aversion measure ¢.

4 Empirical Results

In this section, we estimate ¢ using the two approaches presented in Section 3.1, both uncondi-
tionally and conditionally, as well as for different horizons. Our analysis allows us to quantify the
aversion of FX market participants to high-order risk, explore how such aversion varies over time,

and shed light on the term structure of risk preferences.

4.1 Unconditional analysis

We start our empirical analysis by estimating the unconditional level of ¢. We do so by first pooling
together expected excess returns and expected risk premia across all maturities and then running

panel regressions based on the following specification:

ERX; 11 = o + o + o + By ERP?%t,T +eitT, (12)
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where ERX; ;7 is the expected currency excess return observed at time ¢ over the horizon T' —¢
for currency ¢ and ERPZ}}T is the expected currency risk premium computed at time ¢ for the
same currency pair/maturity. We complement our specification with currency fixed effects (o)
that control for time-invariant differences in exchange rate forecasts, maturity fixed effects (ay) to
control for average variation in forecasts across different horizons, and time fixed effects () that
control for unobservable time-variant global factors driving exchange rate forecasts. We use daily
observations and report our results in Table 7?7 for a large cross-section of 30 currency pairs (Panel
A) as well as for a subset of 20 developed and most liquid emerging market currency pairs (Panel

B).

In Column (1), we first run the specification (12) for different values of ¢, using a fine grid between
0 and 6, and then report the value of ¢ associated with an estimate of 3,4 that is closest to 1. This
corresponds to our first approach. We find an estimate of ¢ equal to 4.25 and 4.55 in Panels A
and B, respectively. Both estimates are highly statistically significant from ¢ = 0 (case of risk-
neutrality) and ¢ = 1 (log utility). For completeness, the remaining columns present estimates of
By for selected values of ¢ ranging between 1 and 6. We can clearly see that 3, is about 1 for values
¢ between 4 and 5, but quite different from 1 outside this range. This analysis provides confidence

to the point estimates of ¢ we obtain in Column (1).
TABLE 77 ABOUT HERE

Alternatively, we can exploit our second approach for estimating ¢. Recall that if the risk-neutral
co-skewness between exchange rate returns and the stock market variance is not too large, we can
also infer ¢ from the slope coefficient 3,4 in the case of ¢ = 1, which corresponds to regressing
ERX;+7 on ERle,t,T' Based on this method, Column (2) of Table ?? shows that the estimate of ¢
is 3.87 in Panel A and 4.17 in Panel B. The results imply that this simple alternative approach is a
good approximation to the baseline approach, which requires a grid search over hundreds of panel
regressions. In addition, the explanatory power (R?) is quite high and remarkably similar across

both approaches (e.g., 18% and 18.2% in Columns 1 and 2, respectively).
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Overall, both cases imply a level of ¢ around 4, which means that FX market participants are
strongly averse to higher-order risk. Recall from Section 7?7 that the higher the ¢, the more
investors put weights to (risk-neutral) higher-order moments when computing currency risk premia.
Specifically, when ¢ = 4, FX participants require a positive (negative) currency premium that
largely reflects the negative (positive) comovement between the currency and market variance.
Such risk preferences imply a significant departure from the log utility case (i.e., ¢ = 1) considered
in the recent exchange rate predictability literature (e.g., Kremens and Martin, 2019; Della Corte,

Jeanneret, and Patelli, 2023).

4.2 Time variation in risk preferences

We now investigate how the risk preferences of FX investors vary over time. A recent strand
of empirical studies suggests that risk aversion increases in “bad times”. For example, surveys
indicate that investors are willing to pay a higher risk premium to eliminate a simple gamble after
(compared to before) the 2008 crisis (Guiso, Sapienza, and Zingales, 2018). Also, investors’ fear
appears to increase as financial conditions become riskier, as reported in a lab experiment by Cohn,
Engelmann, Fehr, and Maréchal (2015). Investors’ perceived risk, as measured by comparing the
valuation of stocks with different volatility, decreases as economic conditions improve (Pflueger,
Siriwardane, and Sunderam, 2020). Stock investors are also found to have higher risk aversion in
times of greater market uncertainty (Bekaert, Engstrom, and Xu, 2021). Surprisingly, however,
we thus far have limited knowledge of how the aversion to higher-order risk changes over different

market conditions. We thus turn our attention to how ¢ varies over time.

Figure 1 displays the one-year rolling estimate of ¢, based on the second approach (i.e., using
ERP},t,T as the independent variable in specification (12)). We can see that ¢ varies substantially
over time and appears to be elevated in multiple instances of FX market stress, including NBER
recessions. In particular, we observe a strong increase in the aversion to higher-order risk during
the Russian debt crisis in 1998, during the severe carry trade reversal in 2008, during the European

debt crisis in 2011-2012, when the Fed started a monetary tightening phase in 2015, or at the peak
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of the Covid-19 crisis in 2020, when major commodity currencies have depreciated strongly against
the US dollar. We can thus conclude that FX participants’ aversion to higher-order risk tends to

peak at times currencies experience large movements and are thus more subject to crashes.

FIGURE 1 ABOUT HERE

4.3 The term structure of risk preferences

A key advantage of our methodology is that we can construct expected excess returns (ERX; ; 7)
and the expected risk premium (ERPft 1) over different horizons. We are thus able to explore the
term structure of risk preferences, as given by estimated values of ¢ for each forecast horizon. For

this analysis, we run one panel regression by forecast horizon using the following specification:
ERX; 17 = Qir + 0t 7 + By ERPY, a1, (13)

where o 14y, and oy ¢4y are respectively currency and time fixed effects for a given horizon 7 =T —¢.
Table 77 reports estimates based on four forecast horizons, i.e., 1 month in Panel A, 3 months in
Panel B, 1 year in Panel C, and 2 years in Panel D. Two results are worth mentioning at this
stage. First, all estimates of ¢ are highly statistically significant. Second, the explanatory power
increases significantly when estimating ¢ for a specific maturity, compared to a pooled analysis:
the R? in Column (1) of Table ?? ranges between 32.6% and 53.5% vs. about 18% in Table ?7?.

These findings confirm the importance of considering maturity-based estimates of ¢.
TABLE 7?7 ABOUT HERE

When comparing Panel A and Panel D, we can see that the term structure is unconditionally
downward-sloping. In particular, Column (1) indicates that ¢ decreases from 4.80 at the one-

month horizon to 1.72 at the two-year horizon. This finding suggests that investors care less about
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higher-order risk as their forecast horizon increases. One explanation is that the risk of a currency
crash becomes less relevant over a longer horizon, as a currency has more time to recover following
a severe depreciation. At the one-month horizon, however, a currency would not have time to
recover following a crash, which translates into severe losses to FX market participants. Over the
short term, investors are then more averse to such tail risk events, which is expressed by a higher

level of ¢.

4.3.1 Robustness analysis

We now summarize a set of robustness analyses that corroborate our previous findings. First,
we show that the term structure of ¢ remains qualitatively similar when adding a set of control

variables X ; to our panel specification, i.e., we run panel regressions based on
ERXi,t,T =t + Qi+ B(;S,T ERP?;’T +57', it T €it, T, (14)

where X ; includes the interest rate differential between the US and country ¢ at time ¢, the dollar
basis constructed at time t using the one-month US dollar interest rate, and the year-on-year
inflation differential between the US and country ¢ at time . We also control for the realized
covariance of exchange rate changes with the negative reciprocal of the S&P 500 return, observable
at time t and computed between times ¢t — T and ¢, as in Kremens and Martin (2019). We report
the estimates in Table 7?7 and show in Column (1) that ¢ decreases from 4.43 at the one-month

horizon to 3.30 at the two-year horizon.
TABLE 7?7 ABOUT HERE

In Table 7?7, we employ expected exchange return (as opposed to currency expected excess returns)

as the dependent variable, adding the corresponding interest rate differential as an explanatory
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variable, in our panel regressions:
EFXi i1 = Qtr + iy + Bor ERP, 47, TRD, 7+ 4.7, (15)

where EFX; ; 7 = E; [S; 7] /Si+ is the expected exchange rate return based on consensus forecasts
observed at time ¢ and IRD; ;7 = R?T / R},T — 1 is the interest rate differential at time ¢. We find
that estimates of ¢ remain remarkably close to those reported in Table ??7. For example, Column
(1) shows that ¢ decreases from 4.95 at the one-month horizon to 1.68 at the two-year horizon.
These results confirm that FX participants are more (less) averse to tail risk events when their

investment horizon is shorter (longer).

TABLES 77 ABOUT HERE

4.3.2 Conditional term structure

We then explore how the term structure of risk preferences varies across economic and financial
conditions. To do so, we split our sample according to NBER-dated recessions and expansions,
estimate the specification (13) on each subsample separately, and then plot the estimates of ¢
in the top-left Panel of Figure 2. Consistent with the preliminary evidence of Figure 1, we find
that ¢ increases during recessions, suggesting that FX market participants are indeed more averse
to higher-order risk as economic conditions worsen. More interestingly, the term structure has a
steep negative slope in recessions, while it becomes much flatter (and also upward-sloping) during

expansions.

We find similar results when we analyze risk preferences across different measures of financial
conditions. The top-right Panel, for example, shows the results when we separate the sample by
high and low levels of CBOE equity-option implied volatility index (VIX), based on the sample
mean. The bottom panels replace the VIX index with the option-implied volatility for a basket
of G7 currencies (VXY) and the implied volatility on one-month U.S. Treasury options (MOVE),
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respectively. In all cases, the term structure of risk preferences is countercyclical with respect to

aggregate economic/financial conditions.

FIGURE 2 ABOUT HERE

Overall, our paper contributes to the literature by providing new insights into how the aversion to
higher-order risk varies over different horizons as well as into the dynamics of its term structure.
In particular, we find that fear of high-order risk is greater in the shorter term during bad times,

but becomes greater in the longer term during good times.

5 Concluding Remarks

This paper sheds light on the FX risk premium and the term structure of risk preferences. We
first show theoretically that we can extract a utility-free measure of risk preferences for FX market
participants. We then estimate this measure by comparing expected exchange rate returns from
professional forecasters with exchange rate premia computed from option prices, through the lens
of no-arbitrage condition in the FX market. We can then explore how the term structure of risk

preferences varies across economic/financial conditions.

The main results are as follows. Investor preferences reflect a strong aversion to high-order risk,
thus departing from the log utility considered recently (e.g., Kremens and Martin, 2019; Della
Corte, Jeanneret, and Patelli, 2023). Unconditionally, the term structure of risk preferences is
downward-sloping, that is FX risk premia provide a greater compensation for high-order risk as
the forecast horizon decreases. Conditionally, this negative term structure slope strengthens in bad
times, but becomes upward-sloping in good times. Hence, fear of high-order risk is greater in the
shorter term during bad times, but greater in the longer term during good times. We therefore

provide novel insights on the conditional term structure of risk preferences.
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Figure 1. Time-varying measure of risk preferences, ¢

This figure displays the time variation in the risk preferences of FX participants. The series reflects one-year rolling estimates of ¢ implied from
the following specification
ERX;ir=ai+ae+ o+ 1 ERPZ{@T +eit,T,

where the slope coefficient 1 is the proxy for ¢, as described in Section 3.1, while a;, a¢, and o denote currency, maturity, and time fixed
effects, respectively. ERX; ¢ 1 is the expected currency excess return observed at time t over the horizon 1" — t for currency i, calculated using
exchange rate consensus forecasts net of interest rate differentials (see Section 3.2). ERPZ{t,T is the expected currency risk premium computed
at time ¢, for the same currency pair/maturity, in the case of ¢ = 1 based on S&P 500 index and currency options with maturities ranging
between one month and two years (see Section 3.3). The sample runs at the daily frequency between January 1996 and December 2020 for
a cross-section of 30 currency pairs relative to the US dollar. We use linear extrapolation to retrieve daily forecasts from monthly forecasts.
Shaded areas denote NBER-dated recessions. Data are from Bloomberg, FRED, JP Morgan, and OptionMetrics.
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Figure 2. Term structure of risk preferences ¢ by market conditions

This figure displays the conditional term structure of risk preferences, based on panel estimates of ¢ across different market conditions. The
estimated specification is Equation (13) for maturities equal to 1 month, 2 months, 1 year, and 2 years. The top-left panel reports results during
NBER recession and expansion periods. The top-right panel relates to low and high CBOE equity-option implied volatility index (VIX) periods,
the bottom-right panel to low and high option-implied volatility for a basket of G7 currencies (VXY) periods, and the bottom-left panel to low
and high implied volatility on one-month U.S. Treasury options (MOVE) periods, all three defined relative to the sample average. The sample
runs at the daily frequency between January 1996 and December 2020. Data are from Bloomberg, FRED, JP Morgan, and OptionMetrics.



Table 1. Estimates Risk Preferences: Pooled Regressions

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERX; i1 = a+ B ERPY, 1+,

where ERX; ;7 is the expected currency excess return at time ¢ for currency pair ¢ and maturity 7" — ¢, whereas
ERPf’t’T is the expected currency risk premium computed at time ¢ for the same currency pair and maturity. ERX; ¢ 7
is based on exchange rate consensus forecasts, spot exchange rates, and interest rate differentials for maturities ranging
between one month and two years. ERP?LT is calculated using S&P 500 index options as well as currency options for
different levels of ¢ for maturities ranging between one month and two years. The first column reports estimates of
¢ associated with B4 = 1, whereas the second column approximates ¢ from the slope coefficient 84 when ¢ = 1. The
remaining columns present estimates of 84 for selected values of ¢ ranging between 2 and 6. Standard errors, reported
in parenthesis, are clustered by currency and time dimension. The standard error for ¢ is obtained via delta method.
Statistical significance at the 10%, 5%, and 1% levels is denoted by *, ** and ***  respectively. The sample runs at
the daily frequency between January 1996 and December 2020 for a cross-section of 30 (20) currency pairs relative
to the US dollar in Panel A (B). We use linear extrapolation to retrieve daily forecasts from monthly forecasts. The
corresponding estimates based on linear interpolation are reported in the Internet Appendix Table A.1. Data are
from Bloomberg, Consensus Economics, JP Morgan, and OptionMetrics.

Panel A: All Currencies

Grid FEstimates for different ¢

By =1 =1 ¢ =2 ¢=3 p=4 ¢=5 ¢=06
¢ 3.02%%%

(0.91)
ERP 3467 1. 82% k27 . 98%xF k(.81 K (.69%F*

(0.65) (0.35) (0.25) (0.20) (0.17) (0.15)

a (%) 0.39 0.30 0.33 0.36 0.39 0.42 0.44

(0.40) (0.39) (0.39) (0.39) (0.40) (0.40) (0.40)
R2 (%)  1.69 1.91 1.84 1.76 1.69 1.62 1.55
N 604,802 604,802 604,802 604,802 604,802 604,802 604,802

Panel B: Most Liquid Currencies

¢ 3.80%**
(1.03)
ERP 33670k L TTERE 123k 9pRRx (. 79%FRE (.67
(0.73) (0.40) (0.28) (0.23) (0.19) (0.17)
a (%) 0.08 —0.01 0.02 0.05 0.08 0.11 0.13
(0.42) (0.41) (0.41) (0.42) (0.42) (0.42) (0.43)
R? (%) 1.72 1.92 1.85 1.78 1.70 1.63 1.57
N 436,492 436,492 436,492 436,492 436,492 436,492 436,492
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Table 2. Estimates Risk Preferences: Panel Regressions

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERX; 1 = i + o + o + By ERPf’t’T +€i,e,T,

where ERX; ;7 is the expected currency excess return at time ¢ for currency pair ¢ and maturity 7" — ¢, whereas
ERPf’t’T is the expected currency risk premium computed at time ¢ for the same currency pair and maturity. «;,
oy, and oy denote currency, maturity, and time (calendar date) fixed effects (fe), respectively. ERX; ;1 is based on
exchange rate consensus forecasts, spot exchange rates, and interest rate differentials for maturities ranging between
one month and two years. ERPit,T is calculated using S&P 500 index options as well as currency options for different
levels of ¢ for maturities ranging between one month and two years. The first column reports estimates of ¢ associated
with B4 = 1, whereas the second column approximates ¢ from the slope coefficient S, when ¢ = 1. The remaining
columns present estimates of B4 for selected values of ¢ ranging between 2 and 6. Standard errors, reported in
parenthesis, are clustered by currency and time dimension. The standard error for ¢ is obtained via delta method.
Statistical significance at the 10%, 5%, and 1% levels is denoted by *, ** and *** respectively. The sample runs at
the daily frequency between January 1996 and December 2020 for a cross-section of 30 (20) currency pairs relative
to the US dollar in Panel A (B). We use linear extrapolation to retrieve daily forecasts from monthly forecasts. The
corresponding estimates based on linear interpolation are reported in the Internet Appendix Table A.2. Data are
from Bloomberg, Consensus Economics, JP Morgan, and OptionMetrics.

Panel A: All Currencies

Grid Estimates for different ¢

Bs=1 ¢=1 ¢ =2 ¢ =3 6 =4 6=5 6 =6
1) 4.23%%*

(0.90)
ERP 384K 200K 137K 105 0.86%**  (.72%Hk

(0.70) (0.37) (0.26) (0.21) (0.17) (0.15)

R? (%) 18.87 19.05 19.00 18.94 18.88 18.83 18.77
N 604,802 604,802 604,802 604,802 604,802 604,802 604,802

Panel B: Most Liquid Currencies

10) 4.567**
(1.01)

ERP 4.16%** 2.15%%* 1.48%** 1.13%** 0.92%** 0.78%***

(0.79) (0.42) (0.29) (0.23) (0.19) (0.17)
R? (%) 20.66 20.88 20.82 20.76 20.69 20.63 20.57
N 436,492 436,492 436,492 436,492 436,492 436,492 436,492
Currency fe v v v v v v v
Maturity fe v v v v v v v
Time fe v v v v v v v
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Table 3. Estimates of Risk Preferences with High and Low Forecasts

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERX; ft,0 = ai + e+ ay +ar + By ERPit,T +€i,t,T,

where ERX; ;.7 is the expected currency excess return at time ¢ for currency pair ¢, maturity 7' — ¢, and forecast
type f, whereas ERP‘f’tyT is the expected currency risk premium computed at time ¢ for the same currency pair and
maturity. «i, as, ay, and a; denote currency, maturity, forecast type, and time (calendar date) fixed effects (fe),
respectively. ERX; 7.7 is based on exchange rate forecasts (high, consensus, and low), spot exchange rates, and
interest rate differentials for maturities ranging between one month and two years. ERPf’t,T is calculated using S&P
500 index options as well as currency options for different levels of ¢ for maturities ranging between one month and
two years. The first column reports estimates of ¢ associated with 54 = 1, whereas the second column approximates
¢ from the slope coefficient 84 when ¢ = 1. The remaining columns present estimates of (3, for selected values of ¢
ranging between 2 and 6. Standard errors, reported in parenthesis, are clustered by currency and time dimension.
The standard error for ¢ is obtained via delta method. Statistical significance at the 10%, 5%, and 1% levels is
denoted by *, ** and *** respectively. The sample runs at the daily frequency between January 1996 and December
2020 for a cross-section of 30 (20) currency pairs relative to the US dollar in Panel A (B). We use linear extrapolation
to retrieve daily forecasts from monthly forecasts. The corresponding estimates based on linear interpolation are
reported in the Internet Appendix Table A.3. Data are from Bloomberg, Consensus Economics, JP Morgan, and
OptionMetrics.

Panel A: All Currencies

Grid Estimates for different ¢

By =1 p=1 =2 p=3 ¢o=14 ¢=>5 ¢==6
10) 4.33%%*

(1.00)
ERP 392K 04K 1.40%FF  1.08%FFF  (.88%F* (. 74%H*

(0.75) (0.40) (0.29) (0.23) (0.19) (0.17)

R? 27.41 27.46 27.45 27.43 27.42 27.40 27.39
N 1,180,575 1,180,575 1,180,575 1,180,575 1,180,575 1,180,575 1,180,575

Panel B: Most Liquid Currencies

o) 4.80%***
(1.13)

ERP 4.34%FF% 2 25%¥k ] pRFFR 1 1RFKF  0.96*FF  (.81FF*

(0.83) (0.45) (0.32) (0.25) (0.21) (0.18)
R? 28.61 28.67 28.66 28.64 28.62 28.60 28.59
N 1,130,947 1,130,947 1,130,947 1,130,947 1,130,947 1,130,947 1,130,947
Currency fe v v v v v v v
Maturity fe v v v v v v v
Forecast fe v v v v v v v
Time fe v v v v v v v
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Table 4. Term Structure of Risk Preferences

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERXi 1 = i + ar + B ERPY, 1 +eie1,

where ERX; ¢ 1 is the expected currency excess return for currency pair ¢ at time ¢ and maturity 7' — ¢t and ERPZ ¢ is the expected currency
risk premium computed at time ¢ for the same currency pair and maturity. «; and a; denote currency and time (calendar date) fixed effects
(fe), respectively. ERX; 1 is based on exchange rate consensus forecasts, spot exchange rates, and interest rate differentials for maturities
ranging between one month and two years. ERPit,T is calculated using S&P 500 index options as well as currency options for different levels
of ¢ for maturities ranging between one month and two years. Panel A reports estimates of ¢ associated with 4 = 1, whereas Panel B
displays approximates ¢ from the slope coefficient 54 when ¢ = 1. Standard errors, reported in parenthesis, are clustered by currency and time
dimension. The standard error for ¢ is obtained via delta method. Statistical significance at the 10%, 5%, and 1% levels is denoted by *, **
and *** respectively. The sample runs at the daily frequency between January 1996 and December 2020 for a cross-section of 30 (20) currency
pairs relative to the US dollar in Panel A (B). We use linear extrapolation to retrieve daily forecasts from monthly forecasts. The corresponding
estimates based on linear interpolation are reported in the Internet Appendix Table A.4. Data are from Bloomberg, Consensus Economics, JP
Morgan, and OptionMetrics.

Panel A: Estimates of ¢ associated with 3, =1

All Currencies Most Liquid Currencies
1 month 3 months 1 year 2 years 1 month 8 months 1 year 2 years
o} 4.79%** 1.76%%* 1L 7 1L 72 B LG 2.36G*** 2.60*** 2.62%*
(1.01) (0.59) (0.52) (0.68) (1.12) (0.69) (0.63) (0.96)
2 (%) 35.27 35.38 47.48 55.57 39.76 38.47 47.21 55.04
N 153,975 155,714 155,540 139,573 111,649 111,649 111,649 101,545
Panel B: Approximation of ¢ from 35 when ¢ =1
ERP 4. 54%%* 1, 7 1.61%** 1.56%** 4.81%%* 2.24 %K% DI D | FFoss
(0.81) (0.54) (0.40) (0.48) (0.88) (0.58) (0.40) (0.54)
2 (%) 35.42 35.41 47.50 55.57 39.92 38.52 47.25 55.07
N 153,975 155,714 155,540 139,573 111,649 111,649 111,649 101,545
Currency fe v v v v v v v v

Time fe v v v v v v v v
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Table 5. Term Structure of Risk Preferences with High and Low Forecasts

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERXi e, = o + ap + o + By ERPit,T +€it,T,

where ERX; ;. 7 is the expected currency excess return at time ¢ for currency pair ¢, maturity 7' — ¢, and forecast type f, whereas ERP?J’T
is the expected currency risk premium computed at time ¢ for the same currency pair and maturity. «;, oy, and o denote currency, forecast
type, and time (calendar date) fixed effects (fe), respectively. ERX; r¢ 1 is based on exchange rate forecasts (high, consensus, and low), spot
exchange rates, and interest rate differentials for maturities ranging between one month and two years. ERPf,mT is calculated using S&P 500
index options as well as currency options for different levels of ¢ for maturi ties ranging between one month and two years. Panel A reports
estimates of ¢ associated with 84 = 1, whereas Panel B displays approximates ¢ from the slope coefficient 54 when ¢ = 1. Standard errors,
reported in parenthesis, are clustered by currency and time dimension. The standard error for ¢ is obtained via delta method. Statistical
significance at the 10%, 5%, and 1% levels is denoted by *, ** and *** respectively. The sample runs at the daily frequency between January
1996 and December 2020 for a cross-section of 30 (20) currency pairs relative to the US dollar in Panel A (B). We use linear extrapolation to
retrieve daily forecasts from monthly forecasts. The corresponding estimates based on linear interpolation are reported in the Internet Appendix
Table ?7?. Data are from Bloomberg, Consensus Economics, JP Morgan, and OptionMetrics.

Panel A: Estimates of ¢ associated with 3, =1

All Currencies Most Liquid Currencies
1 month 3 months 1 year 2 years 1 month 3 months 1 year 2 years

10) 4.75%** 1.88%* 1.617%%* 1.58%%* 5.31%** 2.65%** 2.53%H* 2.53%*

(1.15) (0.72) (0.54) (0.69) (1.27) (0.81) (0.65) (0.91)
R? (%) 46.42 50.67 61.07 59.25 49.03 52.45 62.26 60.45
N 461,925 463,592 463,070 417,169 334,947 334,947 334,947 304,635
Panel B: Approximation of ¢ from 35 when ¢ =1
ERP 4.49%** 1.83%4* 1.52%4* 1.46%4* 4.91%** 2.46%** 2.16%** 2.08%**

(0.91) (0.64) (0.43) (0.50) (0.95) (0.65) (0.42) (0.52)
R? (%) 46.46 50.68 61.07 59.25 49.07 52.46 62.27 60.46
N 461,925 463,592 463,070 417,169 334,947 334,947 334,947 304,635
Currency fe v v v v v v v v
Forecast fe v v v v v v v v

Time fe v v v v v v v v
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Abstract

This Internet Appendix presents supplementary material and results not included in the main

body of the paper.



A Understanding the optimal growth portfolio

This appendix shows that our specification, whereby the return of the optimal growth portfolio is

proportional to a power function of the market return, is consistent with various theoretical models.

A.1 Rationalizing the leveraged market return

We start with a simple static portfolio choice problem of an unconstrained CRRA agent who invests

t.14

in the marke The maximization problem can be written as follows:

max E;
w

o P o)1
(ZzUl}ZRZ;bT) , s.t. Zwizl.

Taking the first order condition for each weight w;, we have A = E; [R@T O wfRi,T)_d) , where A
is the Lagrangian multiplier, and w} is the optimal weight of an asset with gross return R; r in the
representative agent’s portfolio. Note that the quantity (>, w;*RivT)_(z’ = R;fT is proportional to

the SDF, which proves that Ry = Rf; o is the growth optimal portfolio return.

A similar result can be obtained in a setting with ambiguity aversion. The following example
builds on the results in Hansen (2007). We consider a robust portfolio optimization problem for
an unconstrained representative agent with log utility, who penalizes his modeling mistake, i.e. the
distance (relative entropy) between his subjective belief and the rational expectation (through the

change of measure {r)

max min [E;
W gr>06r=42

&rlog (Z wiRi,T>

—  YKLMHP) w; = 1.
(H|P) Z

penalty of choosing H

Hansen and Sargent (2011) shows the optimal distortion for the minimization problem (assume

the portfolio weights are given) should be the exponential tilting (also called the Esscher trans-

Y This portfolio choice problem builds on Martin (2017). See Result 8 of its Online Appendix.
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1 _1
form), &p = Rm?T / Eq [Rm?T] . This would reduce the robust agent’s problem into a CRRA agent’s

portfolio choice problem under rational expectation

S

mvff}x—]EtH <Z w,-RZ-,T> , Zwi =1.

As shown in Section A, the growth optimal portfolio is Ry 7 = Rf:TH. The value of ¢ =1+ 6071
captures a log agent’s ambiguity aversion, i.e. the higher ¢, the lower the ambiguity aversion of the

log agent.

Consider now, as an extension, that the representative agent holds only part of her portfolio in the
market. This agent has a portfolio weight w € (0, 1] in the market portfolio and (1 —w) in the risk-
free asset. This would imply the growth optimal portfolio being Ry 7 = (wRpm 1 + (1 — w)RN)‘ﬁ.
Under some reasonable conditions, the above binomial function can be expanded as a Maclaurin

series

2
Ryr=(1 —W)QSR?,t (1 + Bm,7 + oo —1) < “ Rm’T> + ) )

1—w Ry, 2! 1—w Ry,

which is essentially a sum of integer powers of the market return with constant coefficients. The
value of ¢ should be a rational number, which is a sensible choice here since the set of ratio-
nal number is dense in the set of real number. Also, the random variable has compact support

Ryr/Rst € 0,2(w™ —1)].

A.2 A case of time-varying ¢

We now show that ¢ can be endogenously time varying in a model with heterogeneous agents.
Intuitively, variation in ¢ arises from the change in the distribution of wealth among agents with
different preferences as in Chan and Kogan (2002) and Longstaff and Wang (2012). Consider

a two-period model with complete markets and two agents from country 1 and country 2 with



homogeneous beliefs and power utility, but with differing coefficients of risk aversion, vo > v > 1.19
Agent i’s problem is as follows:

'1 —Vi Wl—%‘

maxL+B]Et LA
L= L=

As markets are complete and beliefs are homogeneous, the SDF is unique, so that
5 <W1,T) o 3 <6’TW2,T ) e
Wi etWay ’
where e; is the exchange rate of one unit currency in country 2 valued in the currency of country 1.

Assuming that v; = v and 2 = 27 to ensure a closed form solution, as in Longstaff and Wang

(2012), we have

Wir _ <6TW2,T> 2
Wi etWa

Writing W; = Wi + e,Wa,; for aggregate wealth measured in currency 1 implies that Wy =
% (VI+aWyp — 1)2 and epWo p = % (V14 aWr — 1), where the constant a = 4Wy ¢/ (e;Wa;)? re-
flects the relative wealth of the two agents. Although agents 1 and 2 are not representative—mneither
invests only in the market—they have the same beliefs and SDF as a representative agent. Such
representative agent has a wealth Wy (measured in currency 1) and marginal utility o'(W7p) that
is proportional to eTW2_7%7. Integrating across agents, this representative agent’s utility function

at time T is o1 Lo
(VIFaWy — 1) ARG
2(1-1) 1—2y ’

such that her relative risk aversion, denoted by ¢(Wr), can be written as:

v(Wr) =

_ WTU//(WT) Y

o(Wr) = vvn) Y Aram

with the limits limy, 00 ¢ = 7 and limy,—,0 = 2v. The coefficient ¢ therefore varies over time,

'5This example builds on Longstaff and Wang (2012), where each agent faces a portfolio choice problem. We extend
to a two-country environment and, at the same time, simplify the initial model as far as possible.



as the relative wealth of the agents changes, in a range given by + and 2v. We could represent
marginal utility of the representative agent as, v'(Wr) = a (v/1+ aWr — 1)727 = R(WT)W;¢(WT),
where k(Wr) is a state dependent constant, and it implies the growth optimal portfolio return can

be written as

L pewr)
R, 1 RS
g, T (WT) m, T’
L W) _owpy o a-#ER T
The time varying constant is x(Wr) = a|aW, 7 +2W, 7 — W . Since

¢(Wr)/~ is between [1,2], the expression x(Wr) is a polynomial that in terms powers of Wrp

between [0, 2v].

B Theory

B.1 Proof of Proposition 1

Derivation of Equation (3). Using the property that MR, = 1, we start from the following

identity
St St
Ei |—=—| =E; |MyrRy7— Al
t|:St:| t|:Tg,TSt:|7 ( )
1 ., St
it
and then decompose the above risk-neutral expectation as
S N L S S
E} [R%TS;] = Ef [Ry 1) E} [Sﬂ + Covy (Rg,T, Sf) (A.3)
$ R?vt * ST

A4



where E} [Rg 7] = Rf}t follows from the relation between the risk-neutral probability and the SDF
valuation and Ef [S7/S;] = R?} ./ R?t from the Uncovered Interest Rate Parity (UIP) condition.

Finally, by combining and rearranging the above equations, we obtain

$
St th 1 St
E, []_ t = L covt (Ryr 5T (A.5)
Sy RY, f;,t Sy
or equivalently
$
ST:| Ry, < Ry ST)
E; | = | — =2 =Cov} | 22—, — | . A6
t{st RS, " \E*[Ry,r]" S (4.6)
O

B.2 Proposition 2

Proof. We here provide the derivation of Equation (4). Recall that f(z) = f(c) + f'(¢)(z —
¢)+ 517 (&) (x — ¢)? for € € [1,7] (or [2,1]). Here we used f(z) = 2%, ¢ = 1, and © = Ry, 7.
This allows us to express RfLT =14+ ¢(Rpr—1)+ # ?_2(Rm,T —1)2. Take covariance be-
tween Ri’%T and S7/S; would eliminate the constants: Cov*(Rf;’T, St1/St) = ¢Cov* (R, 1, ST/ St) +
d)(‘bT_l)Cov*( ?_2(Rm,T —1)%,87/S;). Note that ¢ does not need to be an integer. O

B.3 Interpretation of ¢ and higher-order moments

An elegant way of exploring how higher-order risk drives the expected risk premium is to expand

the risk-neutral covariance in Equation (3) as follows

Sir]  Rpr e 0 Sip
B || — - =07 (ef —1 5 Covi (v 2n T 1), AT
t|:Si,t:| R},t T(e );%m OV \ "m,T> G (A7)



where 7, 7 ~ Ry, 7—1 is the continuously compounded stock market return, and w;m = (e¢ — 1) - " /n!
denote weights that sum up to one. Each weight is a bell-shaped function of n with its maximum
value around ¢. The higher ¢, the higher the factor e? — 1 in front of the infinite sum and more
weights are shifted to the (risk-neutral) higher-order terms, as illustrated by the left panel of Figure

A.2. So the level of ¢ is intrinsically related to an aversion towards higher-order risk.'¢
FIGURE A.2 ABOUT HERE

Alternatively, we can write the analogous version of (A.7) under the real-world measure by simply

replacing My =1/Ryr = A~ IR~ o i (2). We then obtain:

SiT th 1 SzT
a Now 1- ~1 A.
t |:Si,t:| lf,t Rf,t ( e ) Zw¢n(covt < mTv S B > 5 ( 8)

where the weights wy , = (e“z’ — 1)71 (;ﬁ)n sum to one. Note that the weights switch signs

between the odd and even market return moments, as investors require a positive risk premium
when the covariance between exchange rate returns and odd (even) market return moments is
positive (negative). As an example, a currency that comoves positively with market return (or
skewness) is a risky currency that should offer a positive risk premium. In contrast, a currency
that comoves positively with market variance (or kurtosis) is a hedge currency that should offer a
negative risk premium. The right-hand side panel of Figure A.2 shows the change in signs between

odd (even) market return moments and how the weights vary with ¢.

16This is done by expanding the exponential function in the covariance Cov; (R‘;’T, %) = Covy (6¢7‘m,T’ %)

using power series, i.e., e =14z + %xQ + ...



C Ingredients of ERPfft

C.1 Estimating the risk-neutral correlation pj

We measure pg;: using a backward-looking sample correlation over a window that matches the
maturity of the options. Suppose that on day ¢, for example, we compute var*[-] and E*[-] using

options between ¢ and T'. We then calculate p; 4 using daily returns between ¢ — 7' and ¢.

Since risk-neutral correlations are not observable, we used the realized empirical correlations in-
stead. This choice is backed by three observations. First, we compare Quanto implied risk-neutral
correlation (thanks to authors of Kremens and Martin (2019) for sharing the data) and realised
correlation, which is the case when ¢ = 1, we find those two are similar in terms of variation (see
Figure A.1 for an example with EURUSD pair). Second, we find the realised correlations are similar
across different value of ¢. Third, we run similar regressions as Kremens and Martin (2019) by
using the ERP%,t,T that we constructed using the realized correlations and match the same sample

period.

Figure A.1. The correlation pg—1,+ for = EURUSD;

S&P 500 index and USD/EUR exchange rate

100 -
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C.2 Risk Neutral Moments

We explain how we compute the two risk neutral variances in details.

Risk Neutral Moments of Equity Index Returns. To compute the risk neutral variance of
¢

—I— we recall the formula
By (R} 7]

« [ p2
Rfm,T E [RnfT}

N - 2
K [Ri)%T} B} [sz,T}

*
var; -1,

where we could compute the risk neutral momements using the following formula

Fer g —1
E; [Rren,T] = Rf”,t + Rf,t/o (Eg)(EtRf,t — R+ K)' 2P r(K)dK
¢
> 901 B
+Rf,t /F (_Ee)(EtRf,t — Ft7T + K)e 20t7T(K)dK, (Ag)
t,T t

where Ry, is the risk free rate from yield curve with maturity 7', K is the strike of option, Fj is
the current level of equity index, and €, 7(K) is the out-of-money option prices with strike K and

maturity 7. The formula’s proof could be found in the online appendix (result 9) of Martin (2017).

We take the assumption EyR¢; = F; 7 in our computation to ignore the dividend payment, i.e. we

assume the payment of dividends are not reinvested. The formula simplifies to

Fir g9 —1 06 —1
BRG] = Ryt Ry [ Dk n g 0ak + my [T S R0 g ax
0

t Fyr t
(A.10)



Risk Neutral Variances of FX returns. The risk-neutral variance of the gross exchange rate

return between two dates t and T'

2 2
var® (if) _E @j) _ (E: S;) , (A1)

is computed by integrating over an infinite range of the strike prices from European call and put

options expiring on these dates as

Sr ) Fyr 00
=)= —— Pr(K)dK Ciy7(K)dK A.12
var; (St) BirS? (/0 7 (K)dK + . 't (K) >7 (A.12)

where P, 7(K) and Cy 7(K) are put and call option prices at time ¢ with strike price K and maturity
date T, respectively. B; r is the price of a domestic bond at time ¢ with maturity date 7". The above
equation builds on Bakshi and Madan (2000) and Britten-Jones and Neuberger (2000) and is based
on no-arbitrage conditions that require no specific option pricing model. In our implementation, we
follow Jiang and Tian (2005) and use a cubic spline around the available implied volatility points.
This interpolation method is standard in the literature and has the advantage that the implied
volatility smile is smooth between the maximum and minimum available strikes. We compute the
option values using the Garman and Kohlhagen (1983) valuation formula and solve the integral in

Equation (A.12) via trapezoidal integration.

D More Robustness Concerns

We consider some robustness issues that we omitted in the paper that we think might distract the

readers from our main discussions.

D.1 Risk-neutral Correlation

[put comparison to Quanto theory paper]

A-9



D.2 Consensus v.s. Rational Expectation

One might think the consensus forecast is not exactly the physical measure. To reflect this view,
we use E[-] to represent the subjective measure (consensus forecasts), which differs from E[]. We
now decompose the risk premium forecasts, i.e. the ex-ante expected excess return of exchange

rate under subjective measure, into two parts

E |22 - L g, |22 T R |2E| —g, |22 A13
' [ Si] Rip LS Ry “LS "1S (A.13)
forecast risk premium UIP premium none risk premium component

where the first part is the expected risk premium under physical measure and the second part
reflects the difference between the subjective and physical measures. Empirically, the left side of
(A.13) is directly observable from the data of surveys. Comparing the above to (A.16), we could

view the subjective expected risk premium as

E; [?T] — m = ERPﬁf’;) +&it, (A.14)
t .7

where the residual has two parts

RyCovi (MrRj, 3 )

it =— .
E;[RS, 7]

+E, [gﬂ ~ E [sz] . (A.15)

g

(2)
&) St

The optimal choice of ¢ that minimize the residual & ; could be seen as a joint test that the two

components are both zero.

D.3 Residual Term for ERPE?T)

A potential misspecification of Ry 7 would generate an error term in (3). We could explicitly

compute this term in the following result, which is an extension of result 1 in Kremens and Martin

A-10



(2019).

Result 1. Under no-arbitrage, for any random quantity Xr, we have the following decomposition

of expected return of FX

E |:ST] Rf,t B CO’U;:k (XT, %) RﬁT(CO’Ut (MTXT, %) (A 16)
“IS) R, Ej[Xq] Ef [X7] ’ '

where My is the SDF, R, is the return of FX and E*[-] stands for the risk-neutral measured

expectation.

Given the choice of R, = R;i 7, which value of ¢ would minimize the residual term in (A.16) is

an empirical question.

A-11
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Figure A.2. Higher-order risk and the expected risk premium

This figure displays the contribution of higher-order risk to the expected risk premium for different degrees of risk preferences, ¢. The left panel
expands the risk-neutral covariance in Equation (3) using Equation (A.7), while the right panel is based on Equation (A.8). Panels (A) and
(B) plot the risk-neutral weight wy , and the real-world weight wg , in function of the market return moment n. The weights are respectively
associated with the risk-neutral and real-world covariances between r;, 7, where ry, r is the market return for horizon 7', and the exchange

rate return S;—f The risk-neutral weight takes its maximum value around ¢. The real-world weight switches signs between the odd and even

market return moments because FX investors require a positive risk premium when the covariance between exchange rate returns and odd
(even) market return moments is positive (negative).



Table A.1. Estimates Risk Preferences: Pooled Regressions

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERX; .1 = o+ By ERP{, 1 +&i0,7,

where ERX; ;7 is the expected currency excess return at time ¢ for currency pair ¢ and maturity 7" — ¢, whereas
ERPf’t’T is the expected currency risk premium computed at time ¢ for the same currency pair and maturity. ERX; ¢ 7
is based on exchange rate consensus forecasts, spot exchange rates, and interest rate differentials for maturities ranging
between one month and two years. ERP?LT is calculated using S&P 500 index options as well as currency options for
different levels of ¢ for maturities ranging between one month and two years. The first column reports estimates of
¢ associated with B4 = 1, whereas the second column approximates ¢ from the slope coefficient 84 when ¢ = 1. The
remaining columns present estimates of 84 for selected values of ¢ ranging between 2 and 6. Standard errors, reported
in parenthesis, are clustered by currency and time dimension. The standard error for ¢ is obtained via delta method.
Statistical significance at the 10%, 5%, and 1% levels is denoted by *, ** and ***  respectively. The sample runs at
the daily frequency between January 1996 and December 2020 for a cross-section of 30 (20) currency pairs relative
to the US dollar in Panel A (B). We use linear interpolation to retrieve daily forecasts from monthly forecasts. The
corresponding estimates based on linear extrapolation are reported in Table 1. Data are from Bloomberg, Consensus
Economics, JP Morgan, and OptionMetrics.

Panel A: All Currencies

Grid FEstimates for different ¢

By =1 o=1 ¢ =2 ¢ =3 ¢=14 ¢=5 ¢ =06
) 4.03***

(0.88)
ERP 3.49%Fk . 8pKkx 1 0%k 1 01k .83k 72Kk

(0.60) (0.33) (0.24) (0.19) (0.16) (0.14)

a (%) 0.47 0.39 0.41 0.44 0.47 0.49 0.51

(0.39) (0.38) (0.38) (0.39) (0.39) (0.39) (0.39)
R? (%) 3.59 3.96 3.85 3.72 3.60 3.48 3.36
N 604,897 604,897 604,897 604,897 604,897 604,897 604,897

Panel B: Most Liquid Currencies

¢ 3.88% ¥
(0.99)
ERP 3.3QFFE TR ] 95kkk () g7REE ) RIRRE () 6OFHK
(0.68) (0.37) (0.27) (0.21) (0.18) (0.16)
a (%) 0.17 0.09 0.11 0.14 0.17 0.19 0.22
(0.41) (0.40) (0.41) (0.41) (0.41) (0.41) (0.42)
R% (%)  3.77 413 4.01 3.88 3.75 3.63 3.51
N 436,568 436,568 436,568 436,568 436,568 436,568 436,568
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Table A.2. Estimates Risk Preferences: Panel Regressions

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERX; 1 = i + o + o + By ERPf’t’T +€i,e,T,

where ERX; ;7 is the expected currency excess return at time ¢ for currency pair ¢ and maturity 7" — ¢, whereas
ERPf’t’T is the expected currency risk premium computed at time ¢ for the same currency pair and maturity. «;,
oy, and oy denote currency, maturity, and time (calendar date) fixed effects (fe), respectively. ERX; ;1 is based on
exchange rate consensus forecasts, spot exchange rates, and interest rate differentials for maturities ranging between
one month and two years. ERPit,T is calculated using S&P 500 index options as well as currency options for different
levels of ¢ for maturities ranging between one month and two years. The first column reports estimates of ¢ associated
with B4 = 1, whereas the second column approximates ¢ from the slope coefficient S, when ¢ = 1. The remaining
columns present estimates of B4 for selected values of ¢ ranging between 2 and 6. Standard errors, reported in
parenthesis, are clustered by currency and time dimension. The standard error for ¢ is obtained via delta method.
Statistical significance at the 10%, 5%, and 1% levels is denoted by *, ** and *** respectively. The sample runs at
the daily frequency between January 1996 and December 2020 for a cross-section of 30 (20) currency pairs relative
to the US dollar in Panel A (B). We use linear interpolation to retrieve daily forecasts from monthly forecasts. The
corresponding estimates based on linear extrapolation are reported in Table 2. Data are from Bloomberg, Consensus
Economics, JP Morgan, and OptionMetrics.

Panel A: All Currencies

Grid Estimates for different ¢
Bs=1 ¢=1 ¢ =2 ¢ =3 6 =4 6=5 6 =6
b 4.11%%%
(0.81)
ERP 3.68%H* 1.92%** 1.33%** 1.02%** 0.84*** 0.71%%*
(0.60) (0.32) (0.23) (0.18) (0.15) (0.13)
R? 21.00 21.24 21.18 21.10 21.01 20.92 20.84
N 604,897 604,897 604,897 604,897 604,897 604,897 604,897
Panel B: Most Liquid Currencies
10) 4.30%%*
(0.87)
ERP 37K 2,02%FK  1.39%KK 107K 0.8TFFF (.74
(0.65) (0.35) (0.25) (0.19) (0.16) (0.14)
R? 22.31 22.62 22.54 22.44 22.34 22.24 22.15
N 436,568 436,568 436,568 436,568 436,568 436,568 436,568
Currency fe v v v v v v v
Maturity fe v v v v v v v
Time fe v v v v v v v
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Table A.3. Estimates Risk Preferences with High and Low Forecasts

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERX; ft,r = i + e+ ay +ar + By ERPit,T +€i,t,T,

where ERX; ;.7 is the expected currency excess return at time ¢ for currency pair 4, maturity 7' — ¢, and forecast
type f, whereas ERP‘zt r is the expected currency risk premium computed at time ¢ for the same currency pair and
maturity. o, g, ay, and a; denote currency, maturity, forecast type, and time (calendar date) fixed effects (fe),
respectively. ERX; 7.7 is based on exchange rate forecasts (high, consensus, and low), spot exchange rates, and
interest rate differentials for maturities ranging between one month and two years. ERP?’&T is calculated using S&P
500 index options as well as currency options for different levels of ¢ for maturities ranging between one month and
two years. The first column reports estimates of ¢ associated with 54 = 1, whereas the second column approximates
¢ from the slope coefficient 84 when ¢ = 1. The remaining columns present estimates of 3, for selected values of ¢
ranging between 2 and 6. Standard errors, reported in parenthesis, are clustered by currency and time dimension.
The standard error for ¢ is obtained via delta method. Statistical significance at the 10%, 5%, and 1% levels is
denoted by *, ** and *** respectively. The sample runs at the daily frequency between January 1996 and December
2020 for a cross-section of 30 (20) currency pairs relative to the US dollar in Panel A (B). We use linear interpolation
to retrieve daily forecasts from monthly forecasts. The corresponding estimates based on linear extrapolation are
reported in the Table 3. Data are from Bloomberg, Consensus Economics, JP Morgan, and OptionMetrics.

Panel A: All Currencies

Grid Estimates for different ¢

By=1 =1 =2 b=3 =4 6=5 $=6
0] 4.40%**

(0.92)
ERP 3.00%HFK  2,04%Fx 141K 1,090 0.89%**  0.76%H*

(0.66) (0.35) (0.25) (0.20) (0.17) (0.15)

R? 35.21 35.26 35.25 35.23 35.21 35.20 35.18
N 1,180,615 1,180,615 1,180,615 1,180,615 1,180,615 1,180,615 1,180,615

Panel B: Most Liquid Currencies

10) 4.67+H*
(1.00)

ERP 4.15%F% 2 17RHK 1.49%** 1.15%**F  0.94%**  (.80%**

(0.71) (0.38) (0.27) (0.22) (0.18) (0.16)
R? 36.55 36.61 36.60 36.58 36.56 36.54 36.52
N 1,130,970 1,130,970 1,130,970 1,130,970 1,130,970 1,130,970 1,130,970
Currency fe v v v v v v v
Maturity fe v v v v v v v
Forecast fe v v v v v v v
Time fe v v v v v v v
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Table A.4. Term Structure of Risk Preferences

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERXi 1 = i + ar + B ERPY, 1 +eie1,

where ERX; ¢ 1 is the expected currency excess return for currency pair ¢ at time ¢ and maturity 7' — ¢t and ERPZ ¢ is the expected currency
risk premium computed at time ¢ for the same currency pair and maturity. «; and a; denote currency and time (calendar date) fixed effects
(fe), respectively. ERX; 1 is based on exchange rate consensus forecasts, spot exchange rates, and interest rate differentials for maturities
ranging between one month and two years. ERPit,T is calculated using S&P 500 index options as well as currency options for different levels
of ¢ for maturities ranging between one month and two years. Panel A reports estimates of ¢ associated with 4 = 1, whereas Panel B
displays approximates ¢ from the slope coefficient 84 when ¢ = 1. Standard errors, reported in parenthesis, are clustered by currency and
time dimension. The standard error for ¢ is obtained via delta method. Statistical significance at the 10%, 5%, and 1% levels is denoted
by *, **, and ***, respectively. The sample runs at the daily frequency between January 1996 and December 2020 for a cross-section of 30
(20) currency pairs relative to the US dollar in Panel A (B). We use linear interpolation to retrieve daily forecasts from monthly forecasts.
The corresponding estimates based on linear extrapolation are reported in Internet Appendix Table 4. Data are from Bloomberg, Consensus
Economics, JP Morgan, and OptionMetrics.

Panel A: Estimates of ¢ associated with 3, =1

All Currencies Most Liquid Currencies
1 month 3 months 1 year 2 years 1 month 8 months 1 year 2 years
10) 4.79%** 2.05%** 1.78%%* 1.75%%* 4.82%** 2.53%** 2.63%** 2.63%*
(0.88) (0.57) (0.53) (0.69) (0.89) (0.64) (0.64) (0.97)
2 (%) 33.81 35.17 50.49 58.48 37.37 36.88 49.58 57.69
N 154,013 155,733 155,559 139,592 111,668 111,668 111,668 101,564

Panel B: Approximation of ¢ from 35 when ¢ =1

ERP 4.45%%* 1.98%** 1.65%** 1.58%** 4.45%%* BB DI 2.14%%*
(0.68) (0.50) (0.41) (0.48) (0.69) (0.52) (0.40) (0.54)
2 (%) 34.06 35.23 50.52 58.48 37.61 36.97 49.63 57.72
N 154,013 155,733 155,559 139,592 111,668 111,668 111,668 101,564
Currency fe v v v v v v v v

Time fe v v v v v v v v
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Table A.5. Term Structure of Risk Preferences with High and Low Forecasts

This table presents estimates of the risk preferences ¢ obtained from the following specification
ERXi e, = o + ap + o + By ERPit,T +€it,T,

where ERX; ;. 7 is the expected currency excess return at time ¢ for currency pair ¢, maturity 7' — ¢, and forecast type f, whereas ERP?J’T
is the expected currency risk premium computed at time ¢ for the same currency pair and maturity. «;, oy, and o denote currency, forecast
type, and time (calendar date) fixed effects (fe), respectively. ERX; r¢ 1 is based on exchange rate forecasts (high, consensus, and low), spot
exchange rates, and interest rate differentials for maturities ranging between one month and two years. ERPf,mT is calculated using S&P 500
index options as well as currency options for different levels of ¢ for maturi ties ranging between one month and two years. Panel A reports
estimates of ¢ associated with 84 = 1, whereas Panel B displays approximates ¢ from the slope coefficient 54 when ¢ = 1. Standard errors,
reported in parenthesis, are clustered by currency and time dimension. The standard error for ¢ is obtained via delta method. Statistical
significance at the 10%, 5%, and 1% levels is denoted by *, ** and *** respectively. The sample runs at the daily frequency between January
1996 and December 2020 for a cross-section of 30 (20) currency pairs relative to the US dollar in Panel A (B). We use linear interpolation to
retrieve daily forecasts from monthly forecasts. The corresponding estimates based on linear extrapolation are reported in Table 5. Data are
from Bloomberg, Consensus Economics, JP Morgan, and OptionMetrics.

Panel A: Estimates of ¢ associated with 3, =1

All Currencies Most Liquid Currencies
1 month 3 months 1 year 2 years 1 month 3 months 1 year 2 years

10) 5.047%** 2.25%** 1.65%H* 1.60** 5.21%** 2.86%** 2.54%%* 2.53%*

(1.05) (0.70) (0.55) (0.69) (1.10) (0.77) (0.65) (0.91)
R? (%) 58.82 61.88 67.52 64.87 61.48 64.03 68.76 66.08
N 462,039 463,687 463,165 417,264 335,004 335,004 335,004 304,692
Panel B: Approximation of ¢ from 35 when ¢ =1
ERP 4.64%** 2.14%** Il i 1.48%%* 4.74%*% 2.62%** 2,17 2.08%**

(0.79) (0.59) (0.43) (0.50) (0.80) (0.59) (0.42) (0.52)
R? (%) 58.87 61.89 67.53 64.87 61.53 64.04 68.77 66.09
N 462,039 463,687 463,165 417,264 335,004 335,004 335,004 304,692
Currency fe v v v v v v v v
Forecast fe v v v v v v v v

Time fe v v v v v v v v
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