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We identify a “slope” factor in exchange rates. High interest rate currencies load more on
this slope factor than low interest rate currencies. This factor accounts for most of the cross-
sectional variation in average excess returns between high and low interest rate currencies.
A standard, no-arbitrage model of interest rates with two factors—a country-specific factor
and a global factor—can replicate these findings, provided there is sufficient heterogeneity
in exposure to global or common innovations. We show that our slope factor identifies
these common shocks, and we provide empirical evidence that it is related to changes in
global equity market volatility. By investing in high interest rate currencies and borrowing

in low interest rate currencies, U.S. investors load up on global riékl G12, G15, F31)

We show that the large co-movement among exchange rates of different cur-
rencies supports a risk-based view of exchange rate determination. In order tog
do so, we start by identifying a slope factor in exchange rate changes: The ex-
change rates of high interest rate currencies load positively on this factor, while
those of low interest rate currencies load negatively on it. The covariation with
this slope factor accounts for most of the spread in average returns betweent
baskets of high and low interest rate currencies—the returns on the currency<
carry trade. We show that a no-arbitrage model of interest rates and exchangeg
rates with two state variables—country-specific and global risk factors—can
match the data, provided there is sufficient heterogeneity in countries’ expo-
sures to the global risk factor. To support this global risk interpretation, we
provide evidence that the global risk factor is closely related to changes in
volatility of equity markets around the world.
We identify this common risk factor in the data by building monthly portfo-

lios of currencies sorted by their forward discounts. The first portfolio contains
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the lowest interest rate currencies, while the last contains the highest. The first
two principal components of the currency portfolio returns account for most of
the time-series variation in currency returns. The first principal component is
a level factor. It is essentially the average excess return on all foreign currency
portfolios. We call this average excess return the dollar risk fagtr,The
second principal component is a slope factor whose weights decrease mono-
tonically from positive to negative from high to low interest rate currency port-
folios. Hence, average returns on the currency portfolios line up with portfolio
loadings on this second component. This slope factor is very similar to the re-
turn on a zero-cost strategy that goes long in the last portfolio and short in the
first portfolio. We label this excess return the carry trade risk fattlgx,

for high minus low interest rate currencies. We obtain the same results for ex-
change rate changes as for currency returns. Our article is the first to document
the common factor in exchange rates sorted by interest rates, which is the key
ingredient in a risk-based explanation of carry trade returns.

In international finance, there is a large literature that studies asset pricing
in integrated capital marketsin this class of integrated capital market mod-
els, risk refers invariably to exposure to some common or global factor. We
show that the slope factor in exchange rates provides a direct measure of the
global risk factor. This factor, which was constructed from currency portfo-
lios, explains variation in the country-level returns as well, and the estimated
risk prices are very similar to those obtained from the currency portfolios. We
explain about two-thirds of the cross-sectional variation when we allow for
time variation in the betas of individual currencies with our factors, which is
captured by variation in relative interest rates.

Building on our empirical findings, we derive conditions that candidate
stochastic discount factors need to satisfy in order to match our currency port-
folio returns. Our results refine the conditions derivedBackus, Foresi, and
Telmer (200Y) for replicating the forward premium anomaly in a large class
of exponentially affine asset pricing modéléleterogeneity in exposure to
country-specific risk can generate negative uncovered interest rate parity (UIP)
slope coefficients for individual currency pairs, as pointed outBlagkus,
Foresi, and Telmef200J), but it cannot explain the cross-section of carry
trade returns. The intuition is simple. Investors earn the carry trade premium
by shorting baskets of low interest rate currencies and going long in baskets
of high interest rate currencies. Provided that they invest in large baskets of
currencies, carry trade investors are not exposed to any country-specific risk.

This literature includes world arbitrage pricing theory, developeddigr and Duma$1983 andSolnik (1983;

a world consumption—capital asset pricing model (CAPWheatley(1988; a world CAPM,Harvey (1992);
world latent factor modelsZampbell and Hama(992), Bekaert and Hodrick1992, andHarvey, Solnik, and
Zhou (2002); world multi-beta modelsFerson and Harvey1993; and more recently work on time-varying
capital market integration bekaert and Harvef1995 andBekaert, Hodrick, and Zhan@009.

In earlier work,Bekaert(1996 andBansal(1997) had pointed out the need for heteroscedastic pricing kernels
in order to produce time-varying currency risk premiums.
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Common Risk Factors in Currency Markets

We show that heterogeneity in exposure to common risk can both explain
the carry trade returns and deliver the negative UIP slope coefficidtitst,
we need a large common or global component in the pricing kernel, because
this is the only source of cross-sectional variation in currency risk premiums.
Second, we need sufficient heterogeneity in exposure to the common compo-
nent; Currencies with currently (on average) lower interest rates need to be
temporarily (permanently) more exposed to the common component. Affine
asset pricing models automatically satisfy the second condition, provided that
an increase in the conditional volatility of the pricing kernel lowers the short-
term interest rate. These two conditions ensure the existence of currency risk
premiums and carry trade excess returns from the perspectalein¥estors,
regardless of the home currency. Currency risk premiums are determined by a
home risk premium that compensates for home country risk (e.g., a dollar risk
premium for the U.S. investor) and a carry trade risk premium that compen-
sates for global or common risk.

Without exposure to common risk, the carry risk premium is zero, as short-
ing baskets of low interest rate currencies and going long in baskets of high
interest rate currencies does not expose investors to any country-specific or:
currency-specific risk. Temporary heterogeneity in exposure to common risk
matches the conditional deviations from UIP; currencies with currently high
interest rates deliver higher returns. Permanent differences in exposure to com-
mon risk match the unconditional deviations from UIP; currencies with on-
average high interest rates also deliver higher returns. These unconditional
deviations from UIP in the cross-section account for 40% of the total carry
trade risk premium. In the data, we find that a measure of global equity volatil-
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model. High (low) interest rate currencies tend to depreciate (appreciate) when =
global equity volatility is high.

Many papers have documented the failure of UIP in the time series, start-
ing with the work ofHansen and Hodrick1980 and Fama(1984: Higher
than usual interest rates lead to further appreciation, and investors earn mor
by holding bonds in currencies with interest rates thatwgber than usuaf
By building portfolios of positions in currency forward contracts sorted by for-
ward discountsl.ustig and Verdelha2005 2007 have shown that UIP fails
in the cross-section, even when including developing currencies: Investors earn
large excess returns simply by holding bonds from currencies with interest
rates that areurrently high i.e., currently higher than those of other curren-
cies, not onlyhigher than usuali.e., higher than usual for that same currency.
Lustig and Verdelhaf2007) adopt the perspective of a U.S. investor and test
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In closely related work, Brandt et al. (2006) infer the need for a large common component in the pricing kernel
from the high Sharpe ratios in equity markets and the low volatility of exchange rates. Colacito and Croce
(forthcoming) deliver a general equilibrium dynamic asset pricing model with this feature.

Hodrick (1987 and Lewis (1995 have surveyed this literaturBansal and Dahlquig2000 show that UIP
works better for exchange rates of countries that have experienced higher rates of inflation.
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this investor’s Euler equation. Our article enforces the Euler equation of all
investors. Furthermore, we distinguish between unconditional deviations and
conditional deviations from UIP.

An alternative explanation of our findings is that the interest rate is sim-
ply oneof the characteristics that determine returns, as suggest&aisal
and Dahlquist(2000.%> Ranaldo and Soderlin(2010, for example, pursue
this further by arguing that some currencies are viewed simply as safe havens
and therefore earn a lower risk premium than others that are perceived as
more risky. Based on the empirical evidence, we cannot definitively rule out a
characteristics-based explanation. Interest rates and slope factor betas are very
highly correlated in the data. However, we replicate these findings in the data
simulated from a version of our model that is calibrated to match exchange
rate and interest rate moments in the actual data. In the model-generated data,
we cannot rule out a characteristics-based explanation either, even though the
true data-generating process has no priced characteristics.

Our article is organized as follows: We start by describing the data, the
method used to build currency portfolios, and the main characteristics of these
portfolios. Section2 shows that a single factoHIMLgx, explains most of
the cross-sectional variation in foreign currency excess returns. S8atmm
siders several extensions. We look at beta-sorted portfolios and confirm the
same pattern in excess returns. By randomly splitting the sample, we also show
that risk factors constructed from currencies not used as test assets still ex-
plain the cross-section. Finally, we show that our results continue to hold at
the country level. In Sectiod, we use a no-arbitrage model of exchange rates
to interpret these findings. A calibrated version of the model replicates the key
moments of the data. Finally, we show that an equity-based volatility mea-
sure accounts for the cross-section of currency excess returns, as predicted by
the model. Sectio® concludes. A separate appendix available online reports
additional robustness checks. The portfolio data can be downloaded from our
websites and are regularly updated.

. Currency Portfolios

o

We focus on investments in forward and spot currency markets. Compared with
Treasury bill markets, forward currency markets exist for only a limited set of
currencies and for short time periods. But forward currency markets offer two
distinct advantages. First, the carry trade is easy to implement in these markets,
and the data on bid-ask spreads for forward currency markets are readily avail-
able. This is not the case for most foreign fixed income markets. Second, these
forward contracts are subject to minimal default and counter-party risk. This
section describes the properties of monthly foreign currency excess returns

Bansal and Dahlquig2000 were the first to examine the cross-sectional relation between interest rates and
currency risk premiums. They document that thensen and Hodrickl980 andFama(1984) findings seem to
apply mostly to developed economies.
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Common Risk Factors in Currency Markets

from the perspective of a U.S. investor. We consider currency portfolios that
include developed and emerging market countries for which forward contracts
are traded. We find that currency markets offer Sharpe ratios comparable to the
ones measured in equity markets, even after controlling for bid-ask spreads.
As doLustig and Verdelhaii2005 2007, we sort currencies on their interest
rates and allocate them to portfolios. Where, however, those authors used T-bill
yields to compute annual currency excess returns, our current article focuses
on monthly investment horizons and uses only spot and forward exchange ratesy
to compute returns.

1.1 Building currency portfolios

Currency excess returns. We uses to denote the log of the spot exchange
rate in units of foreign currency per U.S. dollar, ahfbr the log of the forward
exchange rate, also in units of foreign currency per U.S. dollar. An increase in
S means an appreciation of the home currency. The log excess retwn
buying a foreign currency in the forward market and then selling it in the spot
market after one month is simply

rXer1 = ft —s41.

This excess return can also be stated as the log forward discount minus
the change in the spot ratexi+1 = fi — & — As+1. In normal conditions,
forward rates satisfy the covered interest rate parity condition; the forward dis-
count is equal to the interest rate differentifd: — s ~ i — iy, wherei*

andi denote the foreign and domestic nominal risk-free rates over the ma-
turity of the contractAkram, Rime, and Sarn(2008 study high-frequency
deviations from covered interest-rate parity (CIP). They conclude that CIP
holds at daily and lower frequencies. Hence, the log currency excess return
equals approximately the interest rate differential less the rate of depreciation:

6 Aq 2G268GL/LELE/L LIYZ/e11e/SH/WO0D dNo"0lwapede//:sdiy WoJ) PoPEO|uM

MXty1 2 0f — it — AS41.

Transaction costs. Since we have bid-ask quotes for spot and forward con-
tracts, we can compute the investor’s actual realized excess return net of trans-
action costs. Theetlog currency excess return for an investor who goes long

in foreign currency is

| b
X = fr —
The investor buys the foreign currency or equivalently sells the dollar forward
at the bid price {P) in periodt, and sells the foreign currency or equivalently
buys dollars at the ask pricﬂl) in the spot market in period4 1. Similarly,

for an investor who is long in the dollar (and thus short the foreign currency),
the net log currency excess return is given by

1202 JoquisnopN 6z Uo 1sen
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Data. We start from daily spot and forward exchange rates in U.S. dollars.
We build end-of-month series from November 1983 to December 2009. These
data are collected by Barclays and Reuters and are available on Datastream.
Lyons (2001 reports that bid-ask spreads from Reuters are roughly twice the
size of inter-dealer spreads. We assume that net excess returns take place at
these quotes. As a result, our estimates of the transaction costs are conser-
vative. Lyons (200]) also notes that these indicative quotes track inter-dealer
guotes closely, only lagging the inter-dealer market slightly at very high intra-
day frequencies. This is clearly not an issue here at monthly horizons. Our main
dataset contains at most 35 different currencies: of Australia, Austria, Belgium,
Canada, Hong Kong, Czech Republic, Denmark, euro area, Finland, France,
Germany, Greece, Hungary, India, Indonesia, Ireland, Italy, Japan, Kuwait,
Malaysia, Mexico, Netherlands, New Zealand, Norway, Philippines, Poland,
Portugal, Saudi Arabia, Singapore, South Africa, South Korea, Spain, Sweden,
Switzerland, Taiwan, Thailand, and the United Kingdom. Some of these cur-
rencies pegged their exchange rates partly or completely to the U.S. dollar
over the course of the sample. We keep them in our sample because forward
contracts were easily accessible to investors. The euro series starts in January
1999. We exclude the euro area countries after this date and keep only the euro
series.

Based on large failures of covered interest rate parity, we chose to delete
the following observations from our sample: South Africa from the end of July
1985 to the end of August 1985; Malaysia from the end of August 1998 to
the end of June 2005; Indonesia from the end of December 2000 to the end of
May 2007; Turkey from the end of October 2000 to the end of November 2001;
and United Arab Emirates from the end of June 2006 to the end of November
2006. In addition, there were widespread deviations from CIP in the fall of
2008, as reported, for example, byneg2009. However, the implications for
the magnitude of returns that we report are limifed.

As arobustness check, we also a study a smaller dataset that contains the cur-
rencies of only 15 developed countries: Australia, Belgium, Canada, Denmark,
euro area, France, Germany, Italy, Japan, Netherlands, New Zealand, Norway,
Sweden, Switzerland, and the United Kingdom. We first focus the description
of our results on our large sample, but we present all of our results on both
samples.

Portfolios. At the end of each period we allocate all currencies in the sam-
ple to six portfolios on the basis of their forward discoufits- s observed at

Joneg2009 offers this example to illustrate the size of the implied returns at the peak of these CIP deviations:
“Assuming that USD funds were available, the arbitrageur would attempt to borrow $1m dollars at 12-month
USD LIBOR and enter into a foreign exchange swap to Euros to invest the funds for an identical term in Euro
Libor. On completion of the swap and repayment of the loan, the arbitrageur will be left with approximately
$12,600 (126bp) profit.” We can safely regard a return of 126 basis points in one of the 26 years of our sample
as measurement error. Taking this into account would change the average return by around 5 basis points.
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Common Risk Factors in Currency Markets

the end of period. Portfolios are rebalanced at the end of every month. They
are ranked from low to high interest rate; portfolio 1 contains the currencies
with the lowest interest rate or smallest forward discounts, and portfolio 6 con-
tains the currencies with the highest interest rate or largest forward discounts.
We compute the log currency excess reuuqil for portfolio j by taking the
average of the log currency excess returns in each portfokar the purpose
of computing returns net of bid-ask spreads, we assume that invebtotsll
the foreign currencies in thigst portfolio and gdongin all the other foreign
currencies.

The total number of currencies in our portfolios varies over time. We had
a total of 9 countries at the beginning of the sample in 1983 and 26 at the
end in 2009. We include only currencies for which we have forward and spot
rates in the current and subsequent period. The maximum number of curren-
cies attained during the sample is 34, the launch of the euro accounts for the 7]
subsequent decrease in the sample size.

uuor; papeojumoq

1.2 Returns to currency speculation for a U.S. investor

Table 1 provides an overview of the properties of the six currency portfolios
from the perspective of a U.S. investor. For each portfplive report average
changes in the spot rates!, the forward discount$! — s/, the log currency
excess returnsx) = —As! + fJ —sl, and the log currency excess returns net

of bid-ask spreadsx, . We report log returns because these are the sum of
the forward discount and the change in spot rates. We also report log currency ;s
excess returns on carry trades or high-minus-low investment strategres that gO\
long in portfolioj =2, 3, ..., 6, and short in the first portfolrarxnet rxnet

All exchange rates and returns are reported in U.S. dollars, and the moments =
of returns are annualized: We multiply the mean of the monthly data by 12 and @
the standard deviation by12. The Sharpe ratio is the ratio of the annualized
mean to the annualized standard deviation.

The first panel reports the average rate of depreciation for all currencies in
portfolio j. According to the standard UIP condition, the average rate of depre-
ciationEt (AsJ) of currencies in portfolig should equal the average forward
discount on these currenciés (fj - sj), reported in the second panel. In-
stead, currencies in the first portfolio trade at an average forward discount of Z
—297 basis points, but they appreciate on average by only 64 basis points over
this sample. This adds up to a log currency excess retur288 basis points
on average, which is reported in the third panel. Currencies in the last portfolio EJ
trade at an average discount of 901 basis points but depreciate by only 282°%
basis points on average. This adds up to a log currency excess return of 620
basis points on average.

The fourth panel reports average log currency excess returns net of trans-
action costs. Since we rebalance portfolios monthly, and transaction costs are
incurred each month, these estimates of net returns to currency speculation are
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Table 1
Currency portfolios—U.S. investor
Portfolio 1 2 3 4 5 6 1 2 3 4 5
Panel I: All Countries Panel II: Developé&buntries
Spot changeas! As]
Mean -0.64 -0.92 -0.95 —2.57 —0.60 282 -181 —1.87 -328 —157 -0.82
Std 8.15 737 763 7.50 849 972 1017 995 980 954 1026
Forward Discountf | — s fl—sl
Mean —2.97 -1.23 —0.09 100 267 901 —2.95 —-0.94 011 118 392
Std 0.54 048 047 052 064 189 Q77 062 063 066 074
Excess Returmx! (without b—a) rxJ (without b—a)
Mean —2.33 -0.31 086 357 327 620 -114 093 339 274 474
Std 8.23 744 7.66 7.59 856 973 1024 998 989 962 1033
SR —-0.28 —0.04 011 047 038 064 -0.11 009 034 029 046
Net Excess Returnrxrj]et (with b—a) rx,J;et (with b—a)
Mean -117 -127 -0.39 226 174 338 —-0.02 -0.11 202 149 307
Std 8.24 744 763 7.55 858 972 1024 998 987 963 1032
SR -0.14 -0.17 —0.05 030 020 035 —0.00 —-0.01 021 015 030
High-minus-Low:rx] — rx1 (without b—a) rx] —rx1 (without b-a)
Mean 2.02 319 590 560 853 207 453 388 588
Std 537 530 616 670 902 718 711 802 964
SR 0.38 060 096 084 095 029 064 048 061
High-minus-Low:rx e — rxde; (with b-a) rx o — e (ith b-a)

Mean -0.10 Q078 342 291 454 —0.09 204 151 309

[0.30] [0.30] [0.35] [0.38] [0.51] [0.41] [0.40] [0.45] [0.54]
Std 5.40 532 615 675 905 7.20 711 804 966
SR —-0.02 015 056 043 050 -0.01 029 019 032

(continueqd
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Table 1
Continued
Portfolio 1 2 3 4 5 6 1 2 3 4 5
Panel I: All Countries Panel II: Developé&buntries
Real Interest Rate Differentiali —r rl—r
Mean —-1.81 -0.13 045 104 180 378 -111 020 076 127 301
Std 0.56 056 049 057 065 077 078 060 062 062 071
Frequency
Trades/currency 0.20 034 041 044 042 014 014 028 036 035 010

This table reports, for each portfolig the average change in log spot exchange ratds the average log forward discount — sl, the average log excess retusal without bid-ask
spreads, the average log excess retlxﬁ'get with bid-ask spreads, the average return on the long short stra(égy— rx%el andrxi —rx! (with and without bid-ask spreads), the real

85 1/L828/L Livz/eome B AHRE R HSHETEA A Y WP Bopeojumoq

interest rate differentiall —r, and the portfolio turnover. Log currency excess returns are computadﬁs: —A§J+1 + ftJ — s[' . Allmoments are annualized and reported in percentage
points. Standard errors are reported between brackets. For excess returns, the table also reports Sharpe ratios, computed as ratios of annualized means to annualized standard gviatic
The portfolios are constructed by sorting currencies into six groups at tirased on the one-month-forward discount (i.e., nominal interest rate differential) at the end of peticthe
first portfolio contains currencies with the lowest interest rates. The last portfolio contains currencies with the highest interest rates. Panel | uses all countries; panel Il focuses on de\/gfoped
countries. Data are monthly, from Barclays and Reuters (Datastream). The sample period is 11/1983-12/2009. <
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conservative. After taking into account bid-ask spreads, the average return on
the first portfolio drops te-117 basis points. Note that the first column reports
minusthe actual log excess return for the first portfolio, because the investor
is short in these currencies. The corresponding Sharpe ratio on this first port-
folio is —0.14. The return on the sixth portfolio drops to 338 basis points. The
corresponding Sharpe ratio on the last portfolio is 0.35.

The fifth panel reports returns on zero-cost strategies that go long in the high
interest rate portfolio and short in the low interest rate portfolio. The spread be-
tween the net returns on the first and the last portfolio is 454 basis points. This
high-minus-low strategy delivers a Sharpe ratio of 0.50, after taking into ac-
count bid-ask spreads. We also report standard errors on these average returns
between brackets. The average returns on the last four investment strategies
are statistically significantly different from zero.

Currencies in portfolios with higher forward discounts tend to experience
higher real interest rates. The ex post real interest rate differences are com-
puted off the forward discountsThere is a large spread of 559 basis points
in (ex post) real interest rates between the first and the last portfolio. The
spread is somewhat smaller (412 basis points) on the sample of developed
currencies.

Finally, the last panel reports the frequency of currency portfolio switches.
We define the average frequency as the time average of the ratio of the num-
ber of portfolio switches divided by the total number of currencies at each
date. The average frequency is 29.84%, implying that currencies switch port-
folios roughly every three months. When we break it down by portfolio, we get
the following frequency of portfolio switches (in percentage points): 20% for
the first, 34% for the second, 41% for the third, 44% for the fourth, 42% for the
fifth, and 14% for the sixth. Overall, there is substantial variation in the com-
position of these portfolios, but there is more persistence in the composition of
the corner portfolios.

We have documented that a U.S. investor with access to forward currency
markets can generate large returns with annualized Sharpe ratios that are com-
parable to those in the U.S. stock market. Tab#so reports results obtained
on a smaller sample of developed countries. We obtain similar results. The
Sharpe ratio on a long-short strategy is 0.32.

1.3 Average vs. current interest rate differences

What fraction of the return differences across currency portfolios are due to
differences in average interest rates vs. differences in current interest rates be-
tween currencies? In other words, are we compensated for investing in high

We compute real interest rates as nhominal interest rates minus expected inflation. We use the lagged one-year
change in log consumer price index as proxy for expected inflation. For some countries in the developing group,
we have no consumer price index data. This is the case for Kuwait, Saudi Arabia, and United Arab Emirates.
The data for Turkey start in May 1986. The data for South Africa start in January 2008.

3740

1.20Z JoquBsAON 6Z U0 1s8nb Aq ZG268G5L/LELE/ L L/PZ/a1onIe/sH/woo dno olwepeoe//:sd)y woly papeojumog



Common Risk Factors in Currency Markets

interest rate currencies or for investing in currencies with currently high inter-
est rates? We address this question by sorting currencies on average forward
discounts in the first half of the sample and then computing the realized excess
returns in the second part of the sample. Thus computed, these returns corre-
spond to an implementable investment strategy.

The top panel in Tabl@ reports the results from this sort on average for-
ward discounts. The bottom panel reports the results from the standard sort on
current forward discounts over the same sample. Even the sort on average in-g
terest differences produces a monotonic pattern in excess returns: Currenciess
with higher average interest rates tend to earn higher average returns. Beforeg)
transaction costs, this sort produces a 5.34% “unconditional” carry trade pre- &
mium compared with a 10.16% conditional carry trade premium. Hence, the
unconditional premium accounts for 52% of the total carry trade premium. Af-
ter transaction costs, the numbers change to 2.83% and 6.28%, respectively:
After transaction costs, the conditional premium accounts for 45% of the to-
tal. However, the strategy of rebalancing by sorting on current interest rates
delivers much higher Sharpe ratios than the unconditional strategy. The un-
conditional sort produces a Sharpe ratio of 0.23, compared with 0.70 for the
conditional sort. Per unit of risk, the compensation for “conditional” carry trade
risk is much higher.

These unconditional sorts of currencies seem to pick up mainly variation in
average real interest rates across currencies: The countries in the first portfolio
have average real interest rate differentials-86 basis points in the second
half of the sample, compared with 243 basis points in the last portfolio.

Ny wouy
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. Common Factors in Currency Returns
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This section shows that the sizable currency excess returns described in th
previous section are matched by covariances with risk factors.

68

2.1 Methodology

Linear factor models predict that average returns on a cross-section of asset
can be attributed to risk premiums associated with their exposure to a small
number of risk factors. In the arbitrage pricing theory (APTRafss(1976),

these factors capture common variation in individual asset returns. A princi-
pal component analysis of our currency portfolios reveals that two factors ex-
plain more than 80% of the variation in returns on these six portfolios. The top
panel in Table3 reports the loadings of our currency portfolios on each of the
principal components as well as the fraction of the total variance of portfolio
returns attributed to each principal component. The first principal component
explains 70% of the common variation in portfolio returns, and can be inter-
preted as ¢evelfactor, since all portfolios load equally on it. The second prin-
cipal component, which is responsible for close to 12% of common variation,

1 20Z JequienoN 62 @B 1senb Aq gG/
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Table 2
Currency portfolios—sorts on mean forward discounts (half sample)
Portfolio 1 2 3 4 5 6 1 2 3 4 5
Panel I: All Countries Panel II: Developé&buntries
_ Sorts on Mean Forward Discounts (Half Sample) )
Excess Returmx ! (without b—a) rx) (without b—a)

Mean —2.28 —0.69 009 114 174 306 —2.94 —0.61 201 144 186
SR —-0.24 -0.18 001 015 018 026 —-0.28 —0.06 024 015 021

Net Excess Returnfx,rl]et (with b—a) rxr{et (with b—a)
Mean —-152 -121 —-0.67 045 067 131 —-1.94 —-1.42 118 026 048
Std 9.45 378 7.32 775 995 1188 1041 1032 837 949 902
SR —0.16 —-0.32 —0.09 006 007 011 -0.19 -0.14 014 003 005

High-minus-Low:rxJo — rxde; (with b—a) rx et — rxler (With b-a)

Mean 0.32 086 197 219 283 051 311 220 242
SR 0.04 010 023 025 023 005 025 020 021

Real Interest Rate Differencad: — r rl—r
Mean —0.96 052 -0.23 061 092 243 —-1.16 —0.68 048 027 156
Std 0.44 060 049 043 055 049 073 042 044 047 045

Sorts on Current Forward Discounts (Half Sample)
Excess Returmx] (without b—a) rx) (without b—a)

Mean —383 —-1.36 022 199 222 633 —2.25 —053 091 194 390
SR —0.50 -0.20 003 032 029 067 -0.24 —0.06 010 022 037

Net Excess Returrnx,rl]et (with b—a) rxrj]et (with b-a)
Mean —2.81 —-2.23 —-0.70 102 081 346 -1.26 —1.48 -0.15 084 250
SR -0.37 -0.33 —0.10 016 011 037 -0.13 —0.16 —0.02 010 024

(continued
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Table 2
Continued
Portfolio 1 2 3 4 5 6 1 2 3 4 5
Panel I: All Countries Panel II: Developé&buntries
High-minus-Low:r xje; — rxde; (with b-a) rxlop — e (ith b—a)
Mean 0.58 211 383 363 628 -0.22 111 210 376
SR 0.11 043 066 054 Q70 —0.03 014 024 035
Real Interest Rate Differencas: — r rl—r
Mean —1.43 -0.12 030 081 131 365 —-1.40 —0.26 025 Q75 269
Std 0.49 049 033 047 055 067 072 043 042 049 056

This table reports, for each portfolig the average log excess retusn without bid-ask spreads, the average log excess I’eid{é} with bid-ask spreads, the average net return on the

long short strategyx e — rxAe; andrx] —rx?, and the real interest rate differende— r. Log currency excess returns are computen&oﬁl = _A%J+1 + fJ — /. Allmoments are
annualized and reported in percentage points. For excess returns, the table also reports Sharpe ratios, computed as ratios of annualized means to annualized standard deviations.%n the |
panel, the portfolios are constructed by sorting currencies into six groups at besed on thaverageone-month-forward discount (i.e., nominal interest rate differentiady the first

half of the sampl¢11/1983-12/1994). The first portfolio contains currencies with the lowest average interest rates. The last portfolio contains currencies with the highest average interest
rates. In the bottom panel, the portfolios are constructed by sorting currencies on current one-month-forward discounts. Panel | uses all countries; panel Il focuses on developed cointries.
Data are monthly, from Barclays and Reuters (Datastream). The sample period is 1/1995-12/2009.
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Table 3
Principal components

Panel I: All Countries

Portfolio 1 2 3 4 5 6

1 0.42 043 018 -0.15 074 020
2 0.38 024 015 -0.27 —-0.61 058
3 0.38 029 042 012 —-0.28 -0.71
4 0.38 004 —-0.35 083 —-0.03 018
5 0.43 —0.08 —-0.72 —-0.44 —-0.03 —-0.30
6 0.45 —-0.81 035 -0.03 011 006
% Var. 7195 1182 555 400 351 316

Panel II: Develope@ountries

Portfolio 1 2 3 4 5

1 0.44 066 —0.54 -0.25 012
2 0.45 025 075 001 041
3 0.46 002 019 004 —0.86
4 0.44 -0.27 —0.29 078 020
5 0.45 —0.66 -0.14 -0.57 017
% Var. 7823 1011 497 349 320

This table reports the principal component coefficients of the currency portfolios presented il Tabdéach
panel, the last row reports (in %) the share of the total variance explained by each common factor. Data are
monthly, from Barclays and Reuters (Datastream). The sample period is 11/1983-12/2009.

can be interpreted asstopefactor, since portfolio loadings increase monoton-
ically across portfolios. Since average excess returns increase monotonically
across portfolios, the second principal component is the only plausible can-
didate risk factor that might explain the cross-section of portfolio excess re-
turns, as none of the other principal components exhibit monotonic variation in
loadings.

Motivated by the principal component analysis, we construct two candidate
risk factors: the average currency excess return, derietédand the differ-
ence between the return on the last portfolio and the one on the first portfolio,
denotedHMLEgx. The correlation of the first principal component wihX is
0.99. The correlation of the second principal component MithLgyx is 0.94.
Both factors are computed from net returns, after taking into account bid-ask
spreads. The bottom panel confirms that we obtain similar results even when
we exclude developing countries from the sample. It is important to point out
that these components capture common variation in exchange rates, notinterest
rates. When we redo our principal component analysis on the changes in spot
exchange rates that correspond to the currency portfolios, we get essentially
the same results.

The two currency factors have a natural interpretatitdLry is the return
in dollars on a zero-cost strategy that goes long in the highest interest rate
currencies and short in the lowest interest rate curren&iesis the average
portfolio return of a U.S. investor who buys all foreign currencies available
in the forward market. This second factor is essentially the currency “market”
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Common Risk Factors in Currency Markets

return in dollars available to a U.S. investor, which is driven by the fluctuations
of the U.S. dollar against a broad basket of currencies.

Cross-sectional asset pricing. We useth' 41 to denote the average excess
return in levels on portfolig in periodt + 1. All asset pricing tests are run on
excess returns in levels, not log excess returns, to avoid having to assume joint
log-normality of returns and the pricing kernel. In the absence of arbitrage
opportunities, this excess return has a zero price and satisfies the following g
Euler equation:

Bt [MiaRX,, | =0,

We assume that the stochastic discount fadtbris linear in the pricing
factors®:

Mit1=1-b(Pty1 — o),

whereb is the vector of factor loadings and, denotes the factor means. This
linear factor model implies a beta pricing model: The expected excess return
is equal to the factor pricé times the beta of each portfol® :

E[RX] = A/B1,

wherel = Xgab, Zos = E(Pr — ug) (Pt — ug)’ is the variance-covariance
matrix of the factor, angd! denotes the regression coefficients of the return
Rx/ on the factors. To estimate the factor prideand the portfolio betag,

we use two different procedures: a generalized method of moments (GMM)
estimation applied to linear factor models, followingansen (1982,

and a two-stage ordinary least squares (OLS) estimation folloféma and
MacBeth(1973, henceforth FMB. In the first step, we run a time-series re-
gression of returns on the factors. In the second step, we run a cross-sectional
regression of average returns on the betas. We do not include a constant in the:ﬁ
second stepip = 0).

2G168GL/LELE/L LIYT/RIoNIE/SH/WOd dNO"dlWapEdE//:sdRY WOolj papeoju

2.2 Results

Table 4 reports the asset pricing results obtained using GMM and FMB on
currency portfolios sorted by forward discounts. The left-hand side of the table
corresponds to our large sample of developed and emerging countries, while
the right-hand side focuses on developed countries. We describe first the resultsS
obtained on our large sample.

9QWBAON 6Z UO 1S

4

Cross-sectional regressions. The top panel of the table reports estimates of
the market prices of risk and the stochastic discount factor (SDF) loadings
b, the adjustedR?, the square root of mean-squared errB®! SE and the
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Table 4

Asset pricing—U.S. investor

Panel I: RiskPrices

All Countries Develope€ountries
AHMLEx ARX PHMLEy brx R? RMSE 12 AHMLEx ARX PHMLEy brx R? RMSE 22
GMM; 5.50 134 056 020 7011 096 329 190 029 020 6478 064
[2.25] [1.85] [0.23] [0.32] 14.39% [259] [2.20] [0.23] [0.23] 4596%
GMMy 551 040 057 004 4125 134 391 307 035 032 5565 134
[2.14] [L.77] [0.22] [0.31] 1610% [252] [2.05] [0.22] [0.22] 5222%
FMB 5.50 134 056 020 7011 096 329 190 029 020 6478 064
[1.79] [1.35] [0.19] [0.24] 919% [191] [1.73] [0.17] [0.18] 4364%
(179 (135 (0.19) (0.24) 1020%  (1.91) (L.73) 0.17) (0.18 44.25%
Mean 5.08 1.33 3.14 1.90
(continued
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Table 4 g
Continued 5=
Y
Panel Il: FactoBetas %
All Countries Develope®ountries ‘_i;g%

. b=
Portfolio ad ﬁhMLFX Bhy R2 22(a) p—value ad B, MLy Bl R? 22(a) p-value D
50

=3
1 -0.10 -0.39 105 9164 036 —0.51 099 9431 =3
[0.50] [0.02] [0.03] [0.53] [0.03] [0.02] %i
2 —-155 -0.11 094 7774 -117 —0.09 101 8069 @
[0.73] [0.03] [0.04] [0.85] [0.04] [0.04] By
3 —-0.54 -0.14 096 7672 062 —0.00 104 8650 =
[0.74] [0.03] [0.04] [0.79] [0.03] [0.03] g
4 151 —0.01 095 7536 -0.17 012 097 8284 N
[0.77] [0.03] [0.05] [0.85] [0.03] [0.04] &
5 0.78 004 106 7641 036 049 099 9432 -
[0.82] [0.03] [0.05] [0.53] [0.03] [0.02] E
6 -0.10 061 105 9384 w
[0.50] [0.02] [0.03] 3
All 6.79 3405% 2.63 7564% g

The panel on the left reports results for all countries. The panel on the right reports results for developed countries. Panel | reports results from GMM and Fama—McBeth asset pgglk:lng
procedures. Market prices of risk the ad;usted?2 the square root of mean-squared err@fgl SE and thep-values of;g2 tests on pricing errors are reported in percentage pdints.
denotes the vector of factor loadings. Excess returns used as test assets and risk factors take into account bid-ask spreads. All excess returns aréiatiiplielizbyl) Shanken
(1992-corrected standard errors are reported in parentheses. We do not include a constant in the second step of the FMB procedure. Panel Il reports OLS estimates of fRésfactor begs
and p-values are reported in percentage points. The standard errors in brackeesweeand West1987) standard errors computed with the optimal number of lags accordifigdeews 2
(1993). The;(2 test statistiax’V,, 14 tests the null that all intercepts are jointly zero. This statistic is constructed from the Newey—West variance-covariance matrix (1 lag) for the system™of
equations (se€ochrane 2005. 234). Data are monthly, from Barclays and Reuters in Datastream. The sample period is 11/1983-12/2009. The alphas are annualized and in percentage
points.

qu
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p-values ofy 2 tests (in percentage point§)lhe market price oHMLEgx risk

is 550 basis pointper annum This means that an asset with a beta of one
earns a risk premium of 5.5% per annum. Since the factors are returns, no-
arbitrage implies that the risk prices of these factors should equal their average
excess returns. This condition stems from the fact that the Euler equation ap-
plies to the risk factor itself, which clearly has a regression coeffi@aftone

on itself. In our estimation, this no-arbitrage condition is satisfied. The aver-
age excess return on the high-minus-low strategy (last row of the top panel in
Table4) is 508 basis points. This value differs slightly from the previously re-
ported mean excess return because we use excess retlensléin the asset
pricing exercise, but Tablg reportslog excess returns, defined as differences
between the forward discount and the changes in the log of the exchange rates.
So, the estimated risk price is only 42 basis points removed from the point
estimate implied by linear factor pricing. The GMM standard error of the risk
price is 225 basis points. The FMB standard error is 179 basis points. In both
cases, the risk price is more than two standard errors from zero, and thus highly
statistically significant.

The second risk factdRX the average currency excess return, has an es-
timated risk price of 134 basis points, compared with a sample mean for the
factor of 133 basis points. This is not surprising, because all the portfolios have
a beta close to one with respect to this second factor. As a result, the second
factor explains none of the cross-sectional variation in portfolio returns, and the
standard errors on the risk price estimates are large: For example, the GMM
standard error is 185 basis points. When we drop the dollar factor, the RMSE
rises from 96 to 148 basis points, but the adjugRéds still above 70%. The
dollar factor does not explain any of the cross-sectional variation in expected
returns, but it is important for the level of average returns. When we include
a constant in the second step of the FMB procedure, the RMSE drops to 97
basis points, with onlHMLEx as the pricing factor. Adding a constant to the
dollar risk factor is redundant because the dollar factor acts like a constant in
the cross-sectional regression (all of the portfolios’ loadings on this factor are
equal to one).

The lambdas indicate whether risk is priced, &idLgx risk clearly is in
the data. The loadingd) have a natural interpretation as the regression co-
efficients in a multiple regression of the SDF on the factors. fFegtistics
on bywmL consistently show that the carry trade risk factor helps explain the

Our asset pricing tables report typevalues: In Panel |, the null hypothesis is that all the cross-sectional pricing
errors are zero. These cross-sectional pricing errors correspond to the distance between the expected excess
return and the 45-degree line in the classic asset pricing graph (expected excess return as a function of realized
excess returns). In Panel II, the null hypothesis is that all intercepts in the time-series regressions of returns on
risk factors are jointly zero. We repopt-values computed as 1 minus the value of the chi-square cumulative
distribution function (for a given chi-square statistic and a given degree of freedom). As a result, large pricing
errors or large constants in the time series imply large chi-square statistics apevialwes. Ap-value below

5% means that we can reject the null hypothesis that all pricing errors or constants in the time series are jointly
zero.
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Common Risk Factors in Currency Markets

cross-section of currency returns in a statistically significant way, while the
dollar risk factor does not.

Overall, the pricing errors are small. The RMSE is 96 basis points, and the
adjustedR? is 70%. The null that the pricing errors are zero cannot be re-
jected, regardless of the estimation procedure: All of prealues (reported
in percentage points in the column labele#) exceed 5%. These results are
robust. They also hold in a smaller sample of developed countries, as shown in
the right-hand side of Tabl

Time-series regressions. The bottom panel of Tablé reports the constants
(denotedx ) and the slope coefficients (denoiet) obtained by running time-
series regressions of each portfolio’s currency excess reRxhen a constant
and risk factors. The returns and alphas are in percentage points per annumz
The first column reports alpha estimates. The second portfolio has a large neg-3 3
ative alpha of—155 basis points per annum, significant at the 5% level. The
fourth portfolio has a large alpha of 151 basis points per annum, significant at
the 5% level. The other alpha estimates are much smaller and not S|gn|f|cantly
different from zero. The null that the alphas are jointly zero cannot be rejected 8
at the 5% or 10% significance level. Using a linear combination of the portfo- ©
lio returns as factors entails linear restrictions on alphas. When the two factors S
HML,:X andRXgx are orthogonal, it is easy to check thet = o, because
/BHMLFX ﬂHML = 1 by construction anfi§, = g&, = 1. In this case, the risk
prices exactly equal the factor means. This is roughly what we find in the data.
The second column of the same panel reports the estimated betas for the
HMLEx factor. These betas increase monotonically frend9 for the first
portfolio to .61 for the last currency portfolio, and they are estimated very
precisely. The first three portfolios have betas that are negative and signifi-
cantly different from zero. The last two have betas that are positive. The third
column shows that betas for the dollar factor are essentially all equal to one.
Obviously, this dollar factor does not explain any of the variation in average g
excess returns across portfolios, but it helps explain the average level of excessg
returns. These results are robust and comparable to the ones obtained on thé
sample of developed countries (reported on the right-hand side of the table). 8
A natural question is whether the unconditional betas of the bottom panel
of Table4 are driven by the covariance between exchange rate changes andZ
risk factors, or between interest rate changes and risk factors. This is impor- g
tant because the conditional covariance between the log currency returns andCy
the carry trade risk factor obviously depends on only the spot exchange rate w
changes: =

U woJ} papeojumoq
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cone [rx], 1. HMLpxea | = —con | AS), 1, HMLex i1 ]

The regression of the log changes in spot rates for each portfolio on the fac-
tors reveals that these betas are almost identical to the ones for portfolio returns
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(with a minus sign), as expectéd.ow interest currencies offer a hedge against
carry trade risk because they appreciate when the carry return is low, not be-
cause the interest rates on these currencies increase. High interest rate cur-
rencies expose investors to more carry risk, because they depreciate when the
carry return is low, not because the interest rates on these currencies decline.
This is exactly the pattern that our no-arbitrage model in Sectidelivers.

Our analysis within the context of the model focuses on conditional B&tas.

Average vs. current interest rate differences. In Table2, we showed that

the sorts on mean forward discounts produce a spread in currency returns of
about half of the total spread. These portfolios still load very differently on
HMLEgyx, the factor that we construct from the sort on current interest rates.
In the second part of the sample, starting in January 1995, the first portfolio’s
HMLEx loading is—.49 (with a standard error of 0.07), and the loading of the
sixth portfolio is 0.39 (0.07). Hence, the spread in loadings is 0.88, only 12
basis points less than the spread in the betas of the portfolios sorted by current
interest rates. The market price of risk at 3.3%, however, is lower than the mean
of HMLEgx (6.9%) and is not precisely estimated over this short sample.

. Robustness

This section provides more evidence on the nature of currency risk premiums
that directly supports a risk-based explanation of our findings.

3.1 Other test assets: Beta-sorted portfolios

First, in order to show that the sorting of currencies on forward discounts re-
ally measures the currency’s exposure to the risk factor, we build portfolios
based on each currency’s exposure to aggregate currency risk as measured by
HMLEgx. For each date, we first regress each curreniciog excess returnx'

on a constant andlMLgx using a 36-month rolling window that ends in period

t — 1. This gives us currendys exposure ttHMLgx, and we denote W{’HML.

Note that it uses information available at dat&Ve then sort currencies into

six groups at timé based on these slope coefficieﬂté4 ML Pportfolio 1 con-

tains currencies with the lowest betas. Portfolio 6 contains currencies with the
highest betas. Tabkreports summary statistics on these portfolios. The first
panel reports average changes in exchange rates. The second panel shows that
average forward discounts increase monotonically from portfolio 1 to port-
folio 6. Thus, sorts based on forward discounts and sorts based on betas are
clearly related, which implies that the forward discounts convey information
about riskiness of individual currencies. The third panel reports the average

Results available in the separate appendix.

Unconditional betas at the level of portfolios approximate conditional betas for individual currencies to the
extent that covariation between conditional means of exchange rate changes and factors is small.
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Table 5 ES)
HML gx -Beta-Sorted currency portfolios—U.S. investor ?;_
Portfolio 1 2 3 4 5 6 1 2 3 4 5 g
Panel I: All Countries Panel Il: Develop&buntries ﬁ

Spot changeAsj Asl %8

Mean -1.29 —-1.33 -1.15 —2.34 —-0.40 053 —2.15 —-0.43 -0.18 -111 —2.28 z%
Std 8.82 785 818 767 867 844 961 944 1047 1021 996 %
Discount: fJ —sl fl—sl =

Mean —1.40 —-0.34 Q70 101 158 373 —-1.67 —0.67 068 101 253 (;%
Std 0.66 066 Q77 066 073 059 Q79 062 ~ 088 098 059 7
Excess Returmx! (without b-a) rx) (without b-a) é

Mean -0.11 099 185 335 198 320 048 -0.24 086 212 480 =
Std 8.92 7.88 820 7.69 863 843 970 948 1047 1022 996 L7y
SR —0.01 013 023 044 023 038 005 -0.02 008 021 048 "Q
High-minus-Low:rx] — rx? (without b-a) rx] —rx1 (without b-a) a

Mean 1.10 196 347 209 331 -0.72 038 164 432 o
[0.33] [0.38] [0.45] [0.55] [0.57] [0.40] [0.52] [0.54] [0.60] N

Std 541 628 748 915 956 6.64 867 908 1002 =
SR 0.20 031 046 023 035 -0.11 004 018 043 5
Pre-formationps Pre-formationg ~

Mean —-0.39 —-0.24 —-0.15 —-0.01 021 056 —-0.43 —-0.24 —0.03 006 037 «
Std 0.28 025 027 028 044 045 028 031 054 052 047 5
Post-formatiorn Post-formatiorg 1oe)

Estimate —0.34 -0.19 -0.19 —0.01 013 034 -0.38 —0.09 004 004 038 9
s.e [0.04] [0.04] [0.04] [0.05] [0.06] [0.04] [0.05] [0.05] [0.04] [0.05] [0.03] A
=2

~<

This table reports, for each portfoliq the average change in the log spot exchangexatethe average log forward discoufi — sJ, the average log excess retusn without bid-ask
spreads, and the average returns on the long short stnatégy rx1. The left panel uses our sample of developed and emerging countries. The right panel uses our sample of develop@
countries. Log currency excess returns are computedtgﬁ = —Ast 1t ft q All moments are annualized and reported in percentage points. Standard errors are reported betwee#-
brackets. For excess returns, the table also reports Sharpe ratios, computed as ratios of annualized means to annualized standard deviations. Portfolios are constructed by sorting &irrenc
into six groups at timé based on slope coeffluer\d?#. Eachg} is obtained by regressing currericiog excess returnx' on HMLgx on a 36-period moving window that ends in period

t — 1. The first portfolio contains currencies with the lowgst The last portfolio contains currencies with the highstWe report the average pre-formation beta for each portfolio. The
last panel reports the post-formation betas obtained by regressing realized log excess returns onjpontféltLx and R Xk x. We only report thdHMLgy betas. The standard errors
are reported in brackets. Data are monthly, from Barclays and Reuters (Datastream). The sample period is 11/1983—-12/2009.
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log excess returns. They are monotonically increasing from the first to the last
portfolio, even though the spread is smaller than the one created by ranking
directly on interest rates. Clearly, currencies that co-vary more with our risk
factor—and are thus riskier—provide higher excess returns. The last panel re-
ports the post-formation betas. They vary monotonically freth31 to Q38.

This finding is quite robust. When we estimate betas using a 12-month rolling
window, we also obtain a 300-basis-point spread between the first and the last
portfolio.*

3.2 Other factors: Splitting samples

Second, to guard against a mechanical relation between the returns and the
factors, we randomly split our large sample of developed and emerging coun-
tries into two subsamples. To do so, we sorted countries alphabetically and
consider two groups. We found that risk factors built using currencies that do
not belong to the portfolios used as test assets can still explain currency excess
returnst? However, the market price of risk appears higher and less precisely
estimated than on the full sample, and thus further from its sample mean. This
happens because, by splitting the sample, we introduce more measurement er-
ror in HMLgx. This shrinks the betas in absolute value (toward zero), lowers
the spread in betas between high and low interest rate portfolios, and hence
inflates the risk price estimates. However, portfolio betas increase monotoni-
cally from the first to the last portfolio, showing that common risk factors are

at work on currency markets.

3.3 Country-level asset pricing

Third, we take our model to country-level data. We run country-l&aha

and MacBeth(1973 tests. Creating portfolios of stocks could potentially lead

to data-snooping biasesdq and MacKinlay 199Pand destroy information by
shrinking the dispersion of betas (e.g., as argued recentliry Liu, and
Schwarz 2010. In order to address these concerns, we use country-level ex-
cess returns as test assets, but we continue to use the currency portfolios to
extract our two currency risk factorsiMLgx and R X. We first study uncon-
ditional currency excess returns before turning to conditional currency excess
returns.

Fama and MacBeth (1973. The Fama and MacBeth procedure has two
steps. In the first step, we run time-series regressions of each colsntoy-
rency excess return on a constaibLrx, andR X:

R¥.1 = ¢ + Al HMLEx 141 + BryxR%+1 + € 111, for a giveni, vt. (1)

11 Finally, we also double-sorted by forward discounts (3 bins) and betas (2 bins), and we found that there was no
significant spread in betas/returns to be generated. This is not surprising if as is the case in our model, interest
rates measure the currency’s exposure to the common risk factor, and the betas are measured with error.

12 The detailed results are reported in the separate appendix.
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Common Risk Factors in Currency Markets

In the second step, we run cross-sectional regressions of all currency excess
returns on betas:

RX = AumLtBlmL + ARxtBkx + &. for a givent, Vi.

We compute the market price of risk as the mean of all these slope coefficients:
Ac = % Zthl Act for c = HML, RX This procedure is identical to the original
Fama and MacBet{i1973 experiment.

The excess returns on individual currencies that are used as test agsats do
take into account bid-ask spreads because we do not knprori whether
investors should take a short or a long position on each particular currency.
In the interest of consistency, we use the same risk fatidsrx and R X
reported in Table 1; those risk factors take into account bid-ask spreads. We 3
obtain similar results with risk factors that do not take into account bid-ask
spreads, but the means of the risk factor are higher.

0l} papeojumoq

Unconditional country currency risk premiums. Table 6 reports our re-
sults on two samples. In both samples, the market prices of risk are positive &
and less than one standard error from the means of the risk factors. The RMSE§
and the mean absolute pricing error are larger than those obtained on currency3
portfolios, but we cannot reject the null hypothesis that all pricing errors are
jointly zero. High beta countries tend to offer high unconditional currency ex-
cess returns.

lwepeoe//:sdny

Conditional country currency risk premiums.  We now turn to conditional
risk premiums. We start by reporting the results obtained with managed in-
vestments and then turn to time-varying factor betas. Investors can adjust their =
position in a given currency based on the interest rate at the start of each period
to exploit the return predictability and increase the Sharpe ratio. We consider =
such managed investment strategies to capture the cross-seatmmddfonal
expected excess returns in addition to the raw currency excess returns. To conz
struct these managed positions, we multiply each currency excess return by§
the appropriate beginning-of-month forward discount, normalized by subtract- §
ing the average forward discount across currencies and dividing by the cross- 13
sectional standard deviation of forward discounts in the given period. We use Z
the same procedure and the same risk factors as above on this augmented set
of test assets; Tabk reports these results as well. The market prices of risk
are positive and significant and are in line with those obtained on the uncondi-
tional returns. The cross-sectional fit has improved. The carry and dollar risk
factors are priced in the cross-section of currency excess returns and account
for a large share of the cross-sectional differences in country excess returns in
both samples.

An alternative approach for testing asset pricing models with time-varying
risk exposures is to estimate the factor loadings using rolling windows instead
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Table 6
Country-level asset pricing
JHMLex ARX DHMLex brx R? RMSE MAPE Ve
Panel I: Develope€ountries
Unconditional Betas
3.69 293 390 370 5955 111 086
[2.31] [1.76] [2.47] [2.25] 36.10
Unconditional and Conditional Betas using Managed Currency Excess Returns
3.65 294 385 371 7553 117 088
[2.20] [1.76] [2.34] [2.25] 39.85
Conditional Betas using Rolling Windows
3.30 243 349 306 8419 069 057
[2.05] [1.76] [2.19] [2.24] 36.84
Conditional Betas using Forward Discounts
3.96 292 418 368 3170 145 108
[2.50] [1.71] [2.66] [2.18] 3473
Panel II: All Countries
Unconditional Betas
3.40 254 404 504 4829 285 188
[2.53] [1.38] [3.15] [2.89] 4236
Unconditional and Conditional Betas using Managed Currency Excess Returns
4.78 269 574 525 5151 267 162
[2.44] [1.38] [3.03] [2.89] 4177
Conditional Betas using Rolling Windows
4.64 234 559 454 6576 221 148
[1.99] [1.35] [2.47] [2.82] 37.84
Conditional Betas using Forward Discounts
4.43 223 533 433 6622 236 182
[1.59] [1.28] [1.95] [2.63] 3362

The table reports results from the Fama—MacBeth asset pricing procedure using individual currency excess returns. Market pmcdmd'mstedkz, the square root of mean-squared
errorsRM SE the mean absolute pricing errdt AP E, and thep-values ofy2 tests on pricing errors are reported in percentage pdindenotes the vector of factor loadings. Excess
returns used as test assetsdbtake into account bid-ask spreads. Risk factéid L andR X come from portfolios of currency excess returns that take into account bid-ask spiéads.
correspond to a carry trade strategy, long high interest rate currencies, and short low interest rate cuRiércigesponds to the average currency return across all portfolios. All excess
returns are multiplied bg2 (annualized). We do not include a constant in the second step of the FMB procedure. The standard errors in brilekety arel Wes{1987) standard errors
computed with the optimal number of lags accordind\t@irews(1991). Data are monthly, from Barclays (Panel I) and Barclays and Reuters (Panel Il) in Datastream. The sample perio

is 11/1983-12/2009.
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Common Risk Factors in Currency Markets

of incorporating conditioning information explicitly. To estimate the risk prices,
we run a set of cross-sectional regressions:

RX_1 = AHMLtBhmLt + ARxtBRxt + éiv1, fOr agivent, vi,  (2)

WhereﬁiH,\,”_’t andﬁiRm are estimated by running time-series regressions simi-
lar to Equation {) but over the subsample &f,ingow periods up to periotl We

report results obtained with rolling windows of lengtingow = 36 months
(therefore, we exclude currencies for which less than three years of observa-
tions are available—there are six such currencies in our sample). The model’s
cross-sectional fit is evaluated by comparing the true unconditional average
returns with their predicted values:

E(RA41) = E (AuvieBlawis + ArxeSin ) » Vi (3)

The results of tests based on this procedure are also reported in6lalfie
estimated prices of carry risk are very close (within half of a standard error) to
the sample means of théMLgx factor, at 46% in the full sample and.3%
in the smaller sample of developed countries (compared with sample means 5
of 5.1 and 31, respectively). The market price of carry risk is statistically sig-
nificant in the full sample, but not in the smaller one. The estimated prices of
dollar risk are similar to those reported previously. The cross-sectional fit of
the model is also similar to that with other methods, with high cross-sectional
R2-values of 658% and 842% in the full and small samples, respectively.
Another standard approach for estimating dynamic factor loadings that al-
lows us to use conditioning information without enlarging the asset space to
include managed returns is to explicitly model betas as linear functions of the
currency-specific forward discount¥.In particular, assume theti ¢ =
hy + hyz and By, = dj + diZ, wherez is the country-specific forward
discount, standardized as described above. The paramgters, db), andd}
can be estimated from the linear regression

R>4+1 =c' + hjHMLgx 111 + hi ZHMLEx 111 + dhRX41 + d} ZR% 41
+ € 1+1, for a giveni. 4)

olwepeoe//:sdyy Wol) peapeojuMod

The factor risk priced ymL t andirxt can then be estimated by running the
second-stage cross-sectional regressions in Equa)oon(the fitted condi-
tional betas. The pricing errors and cross-sectional tests then can be used t
evaluate the unconditional restriction in Equati@pgs before. The results of
this estimation are in the bottom rows in TaBleThis method produces very
similar results to the rolling-window approach, which provides further evi-
dence for the role of forward discounts in capturing the currencies’ dynamic
exposures to common sources of risk.

120z 19qUBNON 62 U0 158nB Aq ZG/68G L/LELE/L L/FZ/BI0ME/SH/W02"dNno

13 For exampleFerson and Harve§1999 use both the rolling window and the linear instrumental variable ap-
proaches to estimate dynamic factor loadings; see numerous references therein.
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The country-level results are consistent with our portfolio-level results. We
focus on portfolios in the rest of the article because they allow us to extract
the slope factor. They also offer a simple nonparametric way of estimating
conditional covariances, which are key for our analysis.

A No-arbitrage Model of Exchange Rates

We derive new restrictions on the stochastic discount factors (at home and
abroad) that need to be satisfied in order to reproduce the carry trade risk pre-
mium that we have documented in the data. These restrictions are different
from the restrictions that need to be satisfied to reproduce the negative UIP
slope coefficients. We impose minimal structure by considering a no-arbitrage
model for interest rates and exchange rates.

Our model has an exponentially affine pricing kernel and therefore shares
some features with other models in this class, such as those propdSeathgt
(1996, Brennan and Xi§2006, and, in particular3ackus, Foresi, and Telmer
(2001). However, unlike these authors, we do not focus on currency pairs but
consider a world withN different countries and currencies, whétds large.

This allows us to distinguish between common and country-specific factors.

In each country, the logarithm of the SDi' follows

—m =d + x4 +\ydu, + 17+ 07+ F4ul .

There is a common global state variafeand a country-specific state variable
z. The common state variable enters the pricing kernel of all investols in
different countries. The country-specific state variable obviously does not. This
distinction between idiosyncratic (country-specific) and common (global) risk
is very natural in a setting with a large number of countries and currencies.
The currency-specific innovt:xtion.%{Jrl and global innovationsi’, , are
independent and identically distributed gaussian, with zero mean and unit vari-
ance;uy’, ; is a world shock, common across countries, whjle, is country-
specific (and thus uncorrelated across countries). The same innovations that
drive the pricing kernel variation will govern the dynamics of the country-
specific and world volatility processes. The country-specific volatility compo-
nent is governed by an autoregressive square root process:

Z1=01-9)0+¢7 + a\/;ituit+1'
The world volatility component is also governed by a square root process:
' =A—-$)0+ ¢z’ + oy Z'uy,.

Papers that attribute the failure of UIP to systematic risk exposures include recent papers by Back2@g) al. (
Harvey et al. 2002, Brennan and Xig2006), Lustig and Verdelhai2007), Bansal and Shaliastovid2010,
Farhi and GabaiX2010, Colacito (2008, Alvarez, Atkeson, and Keho@009, and Verdelhan(2010. Ear-
lier works includeKorajczyk (1985, Cumby (1988, Bekaert and Hodrick1992, Bekaert(1996, andBansal
(1997.
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Common Risk Factors in Currency Markets

We assume that the standard deviation of innovations to the common and
country-specific factors is identical; we refer to this volatilityasWe also
assume that the price of local risk depends on only local risk aversion but that
the price of global risk is allowed to depend on both local and global risk aver-
sion. As a result, the conditional market price of risk has a domestic component

given by,/y iz and a global component given QK/;' Z¥ + k7.

We assume that financial markets are complete but that some frictions in the
goods markets prevent perfect risk-sharing across countries. As a result, theg
change in the real exchange rdtg' between the home country and couritry
is

Aqt|-+-1 =Mty1 — m{+1s

whereq' is measured in countiygoods per home country good. An increase
in ' means a real appreciation of the home currency. For the home country =
(the United States), we drop the superscript.

B//:sd)y WOl papeojuM

Assumption 4.1. All countries share the same parametersy, v, k), but
notd. The home country has the averajeading on the global component.

Hence, we can drop the supersciifior all parameters except. All of the
parameters are assumed to be nonnegative. With this notation, the real risk-fre
interest rate (in logarithms) is given by

) 1 .
rt'=a+(x—§(y+x))2't+( 5')2{“

The standard object of interest is the slope coefficient from a UIP regression =
of exchange rate changes on the interest rate differential. For an average” a
country with the same exposure to global innovations as the United States \'

(6" = 9), this is given byCow (Ath, M1 —ea) /vVar (ri, —rega) =
X/ (;{ -2+ K)).15 Large values ofy andx deliver negative UIP slope
coefficients.

1LELEIL L/VZ/GIO!IJB%JJ/LUOQ'dno'O!WQPBQ

Whenyd is identical at home and abroad, the change in the exchange rate is

Agi g =2@-2)+ (v 7~ VVZt”|1+1) .

The real interest rate differential is given by

1 Z0Z JequiaAoN 6z Uo 1senb Aq zg

rf—ry= (x— 5(3/ +K)) (7 - 2z).

Hence, the real UIP slope coefficient for a country with the sam&the domestic one is given by

x(;{—%(y +x))nar(zit—zi) _ x

( —%(V +x))zuar(z{—zi) (;{—%(y +x))'
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Our focus is on theross-sectionavariation in conditional expected excess
returns. Since the log pricing kerne ;1 and the log excess returng; 1 =
rti —ry— Aqt'Jr1 are jointly normally distributed, the Euler equatiBfiM R'] =
1 implies that the expected excess return in levels (i.e., corrected for the Jensen
term) is the conditional covariance between the log pricing kernel and returns:

: 1 . .
Et[rx{ .+ EVart[rx{Jrl] =—Coot[My1,rx{, 4] = Var[mg]
— Cong[mi_ 1, Ml (5)

where lower letters denote logs. The second equality follows because only the
exchange rate componemqt'Jrl = Miy1 — m{+1 of the log currency returns

rx{ 41 Matters for the conditional covariance.

4.1 Restricted model
In order to explore the role of heterogeneity in the global risk exposures across
currencies captured bj on the cross-section of expected currency returns,
we first focus on a restricted version of the model in which the time variation
in the global component of the conditional price of risk depends on only the
global factor:x = 0. In this restricted version, the logarithm of the SBF
reduces to a more familiar two-fact@ox, Ingersoll, and Rosgl985 type
process such as the one exploitedBackus, Foresi, and Telmé001), with
the key difference being the heterogeneityin

Using the expression for the pricing kernels, Equatirs{mplifies to

. 1 : :
Et[rxi 4] + EVart[rxt'H] =yz+ oz (J&z{" —,/d z{“) .

We can express this risk premium in terms of quantities and prices of risk.
The loading on the domestic (dollar) shock is equal to one for returns on any
currency, and z is the price of dollar-specific risk. The risk price for global
shocks demanded by the domestic investaiz}$, and the quantity of global

risk in currencyi depends on the relative exposures of the two SDFs to the
global shock; since highet implies lower interest ratesgteris paribusthis
loading can be interpreted as carry beta:

ﬁtCarry \/ —V 5' Zt \/7'

o (6)

The currency risk premium imdependentf the foreign country-specific fac-

tor z{ That is why we need asymmetric loadings on the common component
as a source of variation in currency risk premiums across currencies. The cur-
rency risk premium is also independent of the foreign country-specific loading

y!. We have thus set' equal toy to keep the model parsimonious. In the

3758

1.20Z JoquBsAON 6Z U0 1s8nb Aq ZG268G5L/LELE/ L L/PZ/a1onIe/sH/woo dno olwepeoe//:sd)y woly papeojumog



Common Risk Factors in Currency Markets

absence of asymmetries in the exposure to global shocks, all currency risk pre-
miums are identical and equalfa;, an implication that is clearly at odds with

the data. Our sorts of currencies by current interest rates have shown a large
amount of cross-sectional variation in currency risk premiums.

Building currency portfolios to extract factors. We sort currencies into
portfolios based on their forward discounts, as we have done in the data. We
useH to denote the set of currencies in the last portfolio ani denote the
currencies in the first portfolio. The carry trade risk fadtonl and the dollar

risk factorrx are defined as follows:

1 ; 1 ;
hmiyg= <= > g — 10 2 X
Hien L el

1 _

—_ i

rXt+1——N E MXt 415
i

whereNy and N denote the number of currencies in each portfolio. léte

ﬁ denote the average q@ across all currencies in portfolip. The port-
folio composition changes over time, and in particular it depends on the global
state variable;’.

In this setting, the carry trade and dollar risk factors have a very natural in-

$Z/9191e/S1/Wwo9 dno olwepeae//:sdjy Wol) papeojuMod
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one measures the domestic country-specific innovation. In order to show this =
result, we appeal to the law of large numbers and assume that the country-
specific shocks average out within each portfolio.

Proposition 1. The innovation to théaml risk factor measures exposure to
only the common factou’, ;, and the innovation to the dollar risk factor mea-
sures exposure to only the country-specific fackqn:

hmke — Eqfhmh 1] = (\/5 - \/5#) U,
TXt11 — Et[MXtq1] = /7 VZ U1

The role of heterogeneity. When currencies share the same loading on the
common component, there is henl risk factor. However, if lower interest rate

currencies have different exposure to the common volatility factdpl #+

~/6H—then the innovation tdvml measures the common innovation to the
SDF. As a result, the return on the zero-cost stralagymeasures the stochas-
tic discount factors’ relative exposure to the common shgck.

1.20Z JequisAoN 6z U0 1sanb Aq Z2G/685L/LELE/
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Proposition 2. The hml betas andhe X betas of the returns on currency
portfolio j are

j
ﬁhml,t -

E
oy

ﬁ\s

,Brjx,t =1

The betas for the dollar factor are all one. Not so for the carry trade risk
factor. If the sorting of currencies on interest rate produces a monotonically
decreasing ranking @f on average, then thamlbetas will increase monoton-
ically as we go from low to high interest rate portfolios. As it turns out, the
model with asymmetric loadings automatically delivers this if interest rates
decrease when global risk increases. This case is summarized in the following
condition:

Condition 4.2. The precautionary effect of global volatility on the real short
rate dominates if

1.
0<X<§6'. @)

This condition is intuitive and has a natural counterpart in most consumption-
based asset pricing models: When precautionary saving demand is strong
enough, an increase in the volatility of consumption growth (and, consequently,
of marginal utility growth) lowers interest rates.

There is empirical evidence to support this assumption. The detrended short-
term interest rate predicts U.S. stock returns with a negative sign-aea
and French 198%or the original evidence antettau and Ludvigson 2001
for a recent survey of the evidence), consistent with higher Sharpe ratios in
low interest rate countries. To check this, we sort the same set of countries
into six portfolios by their forward discounts, and we compute local currency
equity returns in each portfolio. The Sharpe ratio is 0.61 in the lowest interest
rate portfolio vs. 0.26 in the highest interest rate portfolierdelhan(2010
reports similar findings on developed countries. Sorting by real interest rates
delivers similar results: 0.62 in portfolio 1 compared with 0.32 in portfolio 6.

The real short rate depends both on country-specific factors and on a global
factor. The only sources of cross-sectional variation in interest rates are the
shocks to the country-specific facizirand the heterogeneity in the SDF load-
ingsd on the world factorz. As a result, ag® increases, on average, the
currencies with the high loadingswill tend to end up in the lowest inter-

est rate portfolios, and the ga(p\/g —,/oH ) increases. This implies that
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Common Risk Factors in Currency Markets

in bad times the spread in the loadings increases. Hence, the restricted model

can generate variation in currency portfolio betas, even though the individual

currencies’ carry betas in Equatiod) @re constant.

4.2 Full model

The restricted version of the model analyzed above implies that currencies

with high ¢ loadings will have low interest rates on average and earn low aver-
age excess returns, while the opposite holds for currencies with.lé&g we

show in Sectiorl.3, such permanent heterogeneity across currencies explains
at most half of the cross-sectional variation in expected currency returns. The

full model imputes variation in excess returns to dynamic evolution in individ-
ual currency betas, as well as to the permanent differences in these betas.

The expected excess return in levels (i.e., corrected for the Jensen term) in

the full model is given by

) 1 ) - -
Et[rxi 4] + EVart[rxt'H] =yz+ (07" +kz1) — 0z’ + k211/ 0 Z¥ + k7.

Relative to the restricted model, the foreign part of the currency risk premium
COUt[m't+1, m;+1] now has an additional country-specific component that de-

pends onz{/zt. This new component captures transitory variation in the ex-

posure of currencies to the global innovation, in addition to the permanent

differences in exposure to the common innovation governedl s foreign
volatility increasesz, the foreign SDF becomes more exposed to global in-

novations and, as a result, its currency beta with regard to the global shock
decreases. The full model generates variation in individual currency betas in

addition to currency portfolio betas. Again, cross-sectional variation if@x-

posure to country-specific shocks) does not help generate cross-sectional vari

ation in currency risk premiums.
As before, two portfolios allow us to recover the innovations to the domestic
pricing kernel:

1 : ; 1 - -
hmky1 — Et[hmk 1] = (NL D> VIZ +xz - Nep > oz +xz{> U’ g
ieL ieH

7 __ 1 - -
TXt4+1 — Et[Xt41] = /7 ZtUp41 + (Jéztw +xzt — N Z oz’ + ;cz't) u{‘jrl.
i

Thehml portfolio will have positive average returns if the pricing kernels of
low interest rate currencies are more exposed to the global innovation:

1 - - 1 X -
— 0zl +xz > — 0z + k2.

This will happen in equilibrium if the following conditions are satisfied:
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Condition 4.3. The precautionary effect of domestic and global volatility on
the real short rate dominates if

1. 1
0<X<§5',0<)(<§(y+;c).

If these conditions are satisfied, then an increase in domestic volatility lowers
the real risk-free rate and temporarily implies higher exposure of the pricing
kernel to the global innovation and hence lower betas for that particular cur-
rency. Hence, the unrestricted model contributes a second mechanism through
which lower interest rate currencies earn lower risk premiums than higher in-
terest rate currencies: variation in individual currency betas tied to interest rates
in that currency.

4.3 Inflation

Finally, we specify a process for the nominal pricing kernel, in order to match
moments of nominal interest rates and exchange rates. The log of the nominal
pricing kernel in country is simply given by the real pricing kernel less the
rate of inflationz ' :

i,$

i i
Miys =M1 — Teyg-

Inflation is composed of a country-specific component and a global compo-
nent. We simply assume that the same factors driving the real pricing kernel
also drive expected inflation. In addition, inflation innovations in our model
are not priced. Thus, countiis inflation process is given by

i W W i
T =m0+ 1N 4 +0x€yg,

where the inflation innovatior1$+l are independent and identically distributed
gaussian. It follows that the nominal risk-free interest rate (in logarithms) is
given by

N=mo+a+ (x —%(y +x))z{+ (x + 7" - %5‘)2{" - %03.
Importantly, the currency risk premiums on the one-period contracts that we
consider in the data do not depend on the correlation between the innovations
to the pricing kernel and the volatility processes, which we set to minus one,
following the convention in the term structure literature. This correlation gov-
erns the slope of the term structure. For example, if we set this correlation to
zero, eliminating conditional bond risk premiums altogether, we still get the
exact same expressions for the one-period currency risk premiums in Equa-
tion (8). Of course, the theoretical currency risk premiums on contracts with
longer maturity do depend on this correlation. Yet, empiric8lkaert, Wei,
and Xing (2007 find that term premiums play only a minor role in explaining
currency risk premiums.
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Common Risk Factors in Currency Markets

We now turn to the calibration of this no-arbitrage model. We show that
it can match the key moments of currency returns in the data, while also
matching the usual moments of nominal interest rates, exchange rates, and
inflation.

4.4 Calibration

We calibrate the model by targeting annualized moments of monthly data. A
version of our model that is calibrated to match the key moments of interest
rates and exchange rates can match the properties of carry trade returns.

4.4.1 Moments. The calibration proceeds in two steps. In the first step, we
calibrate a symmetric version of the model: All countries have the same pa-
rameters, including. All of the target moments of interest rates, exchange
rates, and inflation have closed-form expressions in this symmetric version of =
the model, assuming the moments of the square root processes exist. In th
second stage, we introduce enough heterogeneityarmatch the carry trade

risk premium.

/wOO'an'o!wep?oe :sdiy wouy papeojumoq

Symmetric model. Let us start with a symmetric version of the full model.
We first focus on real moments. There are eight parameters in the real part of @
the model: Five parameters govern the dynamics of the real stochastic dlscount
factors ¢, ., y, x, andd), and three parameters,(, ands) describe the
evolution of the country-specific and global factazsaadz®).

We choose these parameters to match the following eight moments in the =
data: the mean, standard deviation, and autocorrelation of the U.S. real short- 3
term interest rates; the standard deviation of changes in real exchange ratesa
the cross-sectional mean of the real UIP slope coefficients; the cross-country &
correlation of real interest rates; the maximum Sharpe ratio (the standard devi- o
ation of the log SDF); and a Feller parameter (equal(to-2 ¢)0 /0 2), which
helps ensure that theandz* processes remain positive These eight mo-
ments, as well as the targets in the data that we match, are listed in Panel A of
Table7.

The data for this calibration exercise come from Barclays and Reuters
(Datastream). Because of data availability constraints, we focus on the subset
of developed countries. The sample runs from November 1983 to December 3
2009. However, for U.S. real interest rate data, we use the real zero- couponm
yield curve data for the United States provided by J. Huston McCulloch on his o
website; the sample covers January 1997 to October 2009. For other countries, =
we use the past 12-month changes in the log Consumer Price Index (CPI) to

LivZ/a19
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16 |f the Feller conditior2(1 — ¢>)0/¢72 > 1is satisfied, then there exists a unique positive solution to the equation
defining the volatility processin the continuous-time limitReller 195).
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Table 7

Calibrating the symmetric model

Moment

Taget

(Monthly) (Annualized)

Panel A: 8 Targets — Moments of Reanébles

Puip —— —0.50 —-0.50
(1—7(7 +ff))

E(rUS) 0 [a + (x -1¢ +x)) + (f - %5‘)] 0.11% 137%
2 . N2

stdrYs) (M—%Q+K00mQU+G—%§)vwam 0.15% 051%

p(rS) P 0.95 095

Ecross[Std(AQ)] /276 + 2y2%var(Z)+o0 3.13% 1085%

Std(m) /@+5+@9+X%maU+#WW) 14.43% 5000%

N2 w0
&mSquw§qﬂ @—%N)%%%f 0.19 019
E(rxt) 76 0.04% Q50%
)

Feller 201~ §) yaigmy 20.00 2000
Panel B: 3 Targets — Moments lviflation

E(zYS) 70+ 10 0.24% 292%

Stz Y S) J ()2var (z0) + o2 0.32% 110%

2 (™)%var (@)

Ecross[R ] var(inflation) 0.26 026
Panel C: Moments of Nominaldriables

EGYS) 0fa+(x=30+0)+(r+n"-35)] - 3o? 0.36% 429%

2 . N2
StdiYS) /( -1o+ x)) var@) + (r 0 — %a") var(zt)  0.18% 063%
Ecross[Std(As)] /aa+y%maU+%}+o 2.96% 1025%
N2 w0
US 1) Var(z®)
Ecross|Corr (S, if ] (40 - 36)" Wais 0.39 046

This table first reports the moments used in the calibration. The first column defines each moment, the second

column presents its closed-form expression in the symmetric version of our model, while the last two columns

report the monthly and annual empirical values of each moment in our data. The first panel reports moments of

real variables: the UIP slope coefficigh| p ; the mean, standard deviation, and autocorrelation of the U.S. real

interest rate Y S; the average standard deviation of changes in real exchange\gitéise standard deviation of

the log SDFm; the average cross-country correlation of real interest rates; the average xedéienU.S. investor

on currency markets, as well as the Feller coefficient. The second panel reports the mean and standard deviation

of U.S. inflation, along with the averad®? in regressions of each country’s inflation on world inflation. The third

panel presents moments that are not used in the calibration but implied by the moments described in the first two

panels. The third panel thus reports the mean and standard deviation of U.S. nominal interest rates, the average

standard deviation of nominal exchange rates, and the average cross-country correlation of nominal interest rates.
2 : 2 - - - —

Note thatar (z%) = 1%4% andovar(z) = 10_':2 .0=2(5+x)0 — 2E \/(5' Z¥ +« zt) \/5' 7’ +xi2 ) is

an order of magnitude smaller than the other terms. Data are monthly, from Barclays (Datastream). The sample

runs from 11/1983 to 12/2009. For means and standard deviations, we report annualized values by multiplying
their monthly counterparts by 12 ardl2, respectively. The other moments are not annualized.

proxy for expected inflation when computing real interest rates. Inflation itself
is computed as the one-month change in the log CPI. The average UIP slope
coefficient in our sample is-0.53 on nominal series. However, the average
real UIP slope coefficient is smaller-0.9).
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Common Risk Factors in Currency Markets

We target a UIP slope coefficient 0.5, an average real interest rate of
1.4% per annum, an annualized standard deviation of the real interest rate of
.5% per annum, and an autocorrelation (in monthly data) of 0.95. The an-
nual standard deviation of real exchange rate changes is 10.8%. We target a
maximum Sharpe ratio of 0.5. This is the average Sharpe ratio on equity re-
turns (in local currency) in our sample for the lowest interest rate currencies
with the highest Sharpe ratios. The average pairwise correlation of real inter-
est rates is .2. The annual dollar risk premium is 0.5% per annum. A Feller
coefficient of 20 ensures that all of the state variables following square-root
processes are positive (this is exact in the continuous-time approximation,
and implies a negligible probability of crossing the zero bound in discrete
time).

We obtain the three inflation parametef®’ (o™, andxg) by targeting the
mean, standard deviation, and fraction of inflation that are explained by the
common component. In Panel B of Talllewe list the expression for the vari-
ance of inflation and the fraction explained by the common component. We
target an annualized standard deviation for inflation of 1.1% and an average
inflation rate of 2.9%. Twenty-six percent of inflation is accounted for by the
common component. Finally, for completeness, Panel C also shows the im- 5
plied moments of nominal interest rates and exchange rates in this symmetric 8
version of the model. The implied correlation of nominal interest rates is too
high. Introducing heterogeneity ihwill address this problem.

Then, we solve a system of eleven equations to recover these eleven param
eter values. The parameter values that we obtain are listed in SaBlecall
that in the symmetric version of the model all countries share the same
chose a value of 124 to match the moments described above. In the next step,
we introduce heterogeneity in thievalues.

0°0IWapeo.//:SdNY WoJ) papeojumoq

Heterogeneity. In the second stage of the calibration, we introduce enough
heterogeneity in the SDF loadingson the global shock across countries to
match an empirical carry trade risk premium of 5.88% for the subset of devel-
oped countries—this is the carry risk premium before bid-ask spreads; o
the model obviously does not have transaction costs. The home country keepsiy
thed-value of 1284. Table8 shows the range aifor the other countries. The

' -values are linearly spaced on the inten@ld] for all thirty currencies in

our simulation. The moments reported were generated by drawingQ@0
observations from a model with thirty currencies.

Table 9 presents the simulation results. We list the moments for the
nominal and real interest rates, exchange rates, and inflation in the data, as
well as the moments implied by the model. Panel | reports the moments for
the United States, i.e., the home country in the model. The model's home
country interest rates match the U.S. interest rates in the data relatively
well.

1sen6 Aq 2G268SL/LELE/L LIVZ/abNe/sH/w
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Table 8
Parameter values

Pricing Kernel Rrameters

K O J 5

a (%) X y J

0.86 2.78 065 1604 1284 835 1734
Factor and Inflatio®ynamics

4 6 (in bp) o (%) n" a” mo (%)

0.92 7.81 025 941 027 —0.49

This table reports the parameter values for the calibrated version of the full model. All countries share the same
parameter values except férd= is the parameter for the home country. These 11 parameters were chosen to
match the 11 moments in Table The parameterd are linearly spaced on the intenfdl J]. «, o, andzq are
reported in percentagesis reported in basis points.

The average nominal interest rate is 4.7% in the model and 4.3% in the U.S.
data. The model slightly underpredicts the volatility of U.S. nominal interest
rates (0.6% vs. 0.5%), because the only variation in expected inflation is the
common factoe”. Finally, the model underpredicts the persistence of nominal
interest rates (0.98 in the data vs. 0.92 in the model).

The model produces an average domestic real interest rate of 1.8% with a
standard deviation of 0.4%, compared with 1.7% and 0.2%, respectively, in
the U.S. Treasury Inflation-Protected Securities data and 1.4% and 0.5% using
past annual inflation to proxy for expected inflation. The autocorrelation is
0.92, close to the data. These values are also close to the ones repdktegl by
Bekaert, and We[2009. The model matches the mean and standard deviation
of U.S. inflation, but the model underpredicts the persistence of inflation: The
first-order autocorrelation at monthly frequencies is 0.46 in the data, compared
with 0.27 in the model.

Panel Il reports the moments for the cross-section of countries. The model
delivers real interest rates that are as correlated to the U.S. ones as their ac-
tual counterparts. The simulated real interest rates are on average lower, less
volatile, and more persistent than the ex post real interest rates in the data, but
these are subject to caution. We do not have time series of real interest rates
for the countries in our sample (except for the United States) and, as already
noted, we use a proxy for expected inflation.

The nominal interest rates produced by the model are somewhat lower and
less volatile than those in the data. The model roughly matches the average
pairwise correlation of foreign with U.S. interest rates: 0.5 in the model and
in the data. The correlation in interest rates is driven by the common factor
z%. The model matches the mean and persistence of the inflation rates but
slightly underestimates their volatilities. The model also matches the frac-
tion of inflation rates’ variations that are explained by the common compo-
nent in inflation (26% vs. 31%). Recall that there is no inflation risk premium
in the model. As a result, we could choose a richer process for (expected)
common inflation that better matches the nominal interest rate and inflation
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Common Risk Factors in Currency Markets

Table 9
Simulated moments
Moment Nominal Values Realalues
Data Model Data Model
Panel |: Time Series Moments — Hor@euntry
Interest Rates
Eﬁuﬂ 4.29% 474% 137% 184%
std[rVS] 0.63% 50% 51% 041% 9
pDUﬂ 0.98 092 095 092 s
Inflation g_
E%Uﬂ 2.92% 289% g
smh“ﬂ 1.10% 110% =
phuﬂ 0.46 027 3
Panel II: Cross-Sectional Moments — Albuntries g
Interest Rates 5
Ecross(E[r]) 5.89% 462% 253% 172% 8
Ecross(Std[r]) 1.27% Q50% Q82% Q42% %
Ecross(p[r]) 0.69 092 054 092 3
Ecross (corr [rU S, r*]) 0.46 053 019 031 o
Exchange Rates 5
Ecross(Std[ Agy,; ]) 1025% 1226% 1085% 1219% 3
Ecross (ﬂu | P) —-0.53 —-0.46 —0.09 —0.46 %
Stcbross Ay p ) 0.84 007 090 007 g
Inflation (:—;
Ecross(E [7]) 2.90% 290% o
Ecross(Std[z]) 1.34% 110% N
Ecross(p[7]) 0.22 026 §
Ecross(Rz) 0.26 031 S
Stochastic Discount Factor S
Ecross[Std(mt+l)] 053 053 3
us I
Ecross|corr (. m ;)] 097 097 8
9

This table reports the annualized means and standard deviations of nominal and real variables in the data and%
in the model. The autocorrelations)(reported are monthly. In the first section of Panel I, the table presents
the mean, standard deviation, and autocorrelation of the risk-free rate in the home country (the U.S.). In the o
second section of Panel I, the table presents the mean, standard deviation, and autocorrelation of the inflation £
rate in the home country. In the first section of Panel Il, the table reports the cross-sectional average of the
mean, standard deviation, autocorrelation, and cross-country correlation of the risk-free rates in all countries. In o
the second section of Panel Il, the table reports the cross-sectional average of exchange rates’ volatilities and Ifj
the cross-sectional average and volatility of the UIP slope coefficients. In the third section of Panel Il, the table «©
reports the cross-sectional average of the mean, standard deviation, autocorrelatigf,adriflation rates.

The R? corresponds to the share of each country’s inflation variance explained by the average inflation rate.
In the fourth section of Panel Il, the table reports the cross-sectional average of the SDF volatility and of the
cross-country correlation of all SDFs.

Aq
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data without changing any of our asset pricing results. However, to keep the
model parsimonious, we chose not to, since inflation does not play a role in our
mechanism.

Finally, we turn to exchange rates. In the model, the cross-sectional aver-
age of the standard deviation of changes in the log spot rates is 12.3%; the
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corresponding number in the data is 10.2%. Given that the standard deviation
of the log pricing kernel is 53%, this implies that the pricing kernels have
to be highly correlated across countries (8andt, Cochrane, and Santa-
Clara 2008: The average pairwise correlation of the pricing kernels is 0.97.
The cross-sectional average of the UIP slope coefficiert. %3 in the data,
compared with—.46 in the model. However, the model substantially under-
predicts the amount of cross-sectional variation in the UIP slope coefficient in
the data because we have shut down all sources of heterogeneity except in the
J-values.

4.4.2 Simulated portfolios. Using the simulated data, we build currency
portfolios in the same way as we did in the actual data. Tableeports the
realized returns on these currency portfolios in the model. Panel | reports the
results obtained when sorting on current forward discounts. These moments
should be compared against the same moments in the data reported id.Table
In the model, the volatility of changes in the exchange rates varies from 11.6%
for portfolio 1 to 9.3% for portfolio 5. In the data, this volatility ranges from
9.5% to 10.3% in our small sample (7.4% to 9.7% in the large sample). As a
result, the model overpredicts the volatility of changes in spot rates portfolio
by portfolio by at most 200 basis points.

In the model, the volatility of the forward discounts is around 105 basis
points for all portfolios. As a result, the model overstates the volatility of inter-
est rates in portfolios 1-5 in both samples and understates the volatility of in-
terest rates in portfolio 6 in our large sample. The model also underpredicts the
average interest rates in portfolio 6. In the data, portfolio 6 comprises countries
that temporarily experience unusually high and volatile inflation. Our parsimo-
nious specification of a single inflation process for all countries and currencies
is not rich enough to match this. However, real, not nominal, interest rates mat-
ter for currency excess returns. The model does a much better job matching the
moments of average real interest differences.

When sorting currencies by current interest rates, the model produces a carry
trade risk premium of 5.91% per annum (4.54% in the data in our large sam-
ple). The annualized Sharpe ratio is 0.48 (.50 in the data).

Panel Il reports the results obtained when sorting by the average forward
discounts. The long-short excess return drops to 3.48%, about 60% of the total
carry trade risk premium. In the data, permanent differences in exposure to
global innovations account for half of the total carry trade premium; in the
model, they account for 60%.

In the restricted modek(= 0), the entire carry trade premium is due to permanent differences in that version of
the model. However, in the full model, part of the carry trade premium is due to transitory differerymerns

the “transitory” fraction of the carry trade risk premium, because it measures the sensitivity of the price of global
risk to local risk aversion.
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Common Risk Factors in Currency Markets

Table 10
Currency portfolios—simulated data
Portfolio 1 2 3 4 5 6
Panel I: Sorting on Current ForwaRiscounts
Spot changeas!
Mean 0.52 003 -0.20 -0.24 —-0.38 —0.66
Std 1160 1003 949 931 - 929 982
Forward Discountf ) — sl
Mean —2.87 —-1.62 —0.86 -0.18 049 186 g
Std 111 106 105 104 105 108 s
Excess Returmx! é—’
Mean -3.39 —-1.65 —0.66 006 087 252 8_
Std 10.86 947 897 882 880 934 1)
SR -031  -017  —007 001 010 027 =
High-minus-Low:rxi —rxt o
Mean 1.74 273 345 426 591 3
Std 6.64 7.48 848 953 1227 g
SR 0.26 036 041 045 048 2
Average real interest rate differencé: — r ;Dt'
Mean —2.87 -1.62 —0.86 -0.18 049 186 [+
] Std 111 106 105 104 105 108 8_
Turnover CBD
Trades/currency 0.21 045 052 053 051 013 =
Panel II: Sorting on Average ForwaRiscounts é
Forward Discountf ) —s! 8
Mean -1.99 —1.44 —0.85 -0.21 046 141 3
Std 1.18 116 114 114 115 112 <:,,‘~
High-minus-Low:rx] —rxt o)
Mean 0.68 124 182 254 348 g
Std 557 582 634 712 7.89 §
SR 0.12 021 029 036 044 ﬁ
Average real interest rate differencé: — r =
Mean -1.99 —-1.44 —0.85 -0.21 046 141 =
Std 1.18 116 114 114 115 112 g
Panel | of this table reports, for each portfojipthe average change in log spot exchange ratdsthe average =
log forward discountf | —sl, the average log excess retusy, and the average return on the long-short strategy %
rx] —rx1. All these moments are defined as in Table I. The portfolios are constructed by sorting currencies into 91
six groups at time based on the one-year-forward discount (i.e., nominal interest rate differential) at the end an
of periodt — 1. The first portfolio contains currencies with the lowest interest rates. The last portfolio contains g
currencies with the highest interest rates. All data are simulated from the model. Panel Il of this table reports, o
for each portfolioj, the average return on the long-short strategly — rx1, the average log forward discount S
f1 —sl, and the average real interest rate differen¢e: r. The portfolios are constructed by sorting currencies 28
into six groups at timeé based on the average one-year-forward discount (i.e., nominal interest rate differential) g
over the entire period. As a result, there is no rebalancing in this case. B
z
o
§
By sorting on average forward discounts, we really are sorting by real inter- §

est rates. In the model, there is a 158-basis-point spread between real interesis
rates in the first and the last portfolio. In the data, we found a similar pattern ™

(see Tablel), but the variation in real interest rates that we documented was
much bigger.

The model matches the turnover rather well. For the currency portfolios in
the middle range, the turnover is about 2.5 trades per portfolio (1.2 in the data).
This translates into a turnover rate (turnover per portfolio per currency) of
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about 45%; the rate is similar to that in the data (40% to 45%), mainly because
in the early part of the sample we had very few currencies in each portfolio.

The simulated market price of carry risk varies for two reasons. First, it is
high when the world risk factar” is high. Second, this effect is amplified by
changes in portfolio composition: Higher world risk price drives the selection
of low-global risk countries into high interest rate portfolios, and vice versa.
Thus, in “bad times,” whea" is high, the spread between the averagethe
first and the last portfolio increases.

Despite the low unconditional market beta of the carry trade in the data, the
carry risk factoHMLEy is very highly correlated with the stock market during
periods of increased market volatility. The recent subprime mortgage crisis
offers a good example. Between July 2007 and March 2008, the correlation
between U.S. stock returns attMLgx was .78. This pattern is consistent
with the model. In the two-factor affine model, the conditional correlation of
HMLgx and the SDF in the home country is

0z + kz;
corry (HMLi41, m == |—.
t (HMLt41, Meya) \ -

In the restricted model, this expression collapses to

oz’
cornt (HMLt+1, Miyt) = = [ — Yz
t t

As the global component of the conditional market price of gékncreases,
the conditional correlation between the stochastic discount factor at home and
the carry trade returndMLgx increases.

4.5 Testing the model

Finally, we subject our model to some “out-of-sample tests.” We start by
checking whether the model accurately describes the time variation in currency
betas.

4.5.1 Time-varying betas. A statistically powerful way to capture
time variation in the individual currencies conditional betas with respect to the
two factors is to impose a functional relationship between betas and the con-
ditioning variables (the forward discounts) that is the same across currencies.
If this relationship is linear, as assumed in Equatid)y it can be estimated

by running a pooled regression (e.g., as suggesteddajrane 201)ifor the
entire panel of currencies:

RX, 1 =C +bumLHMLEX 141+ bz{xHMLZ{H MLEX t+1 + brRxR X 41
+ bZitXRxZ/I[ Rx{—‘,—l + 6i,t+1: (8)

where the fixed effects represent country-specific pricing errors.
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Common Risk Factors in Currency Markets

Table 11 presents the results of this estimation (omitting the fixed effects),
for the subsample of the developed countries and for the whole sample. The
coefficientbym . captures an average country’s unconditional loading on the
HMLEx factor; not surprisingly, it is small (07) and not significantly different
from zero. Also not surprisingly, the coefficidng x that measures the average
loading on the dollar risk factor is equal to one for the entire sample, and is
somewhat lower at.85 in the developed countries sample. The variation in the

conditionalHMLgx betas is measured by the coefficiépiHmL . It reaches a 9
value of Q3 (for the entire sample) and, jointly with the unconditional loading, 3
implies that a currency whose forward discount is one cross-sectional stan- g)
dard deviation higher than the average at that time has a conditional beta of
0.37. This coefficient is highly statistically significant. This confirms that the 3
forward discounts contain conditioning information that is important for un- i
derstanding the dynamics of carry beta. The conditional variation in the dollar §
factor loading captured by« rx is essentially zero. The last panel reports the 5
results obtained on model-generated data. The model does a remarkable job ing
replicating the time variation in the betas. In the model, the coeffitigRi. g
is equal to 0.08prx is 1, andb,, 4 mL is equal to (35. o

Finally, we also replicate on simulated data the asset pricing tests obtained s
on individual currencies. To save space, results are reported in the separate ap(g
pendix. The price of carry risk estimated by the cross-sectional Fama—MacBeth =
regressions using both unconditional and conditional betas is close to the sam-g
ple mean of the factor, and the model is able to explain roughly 60%—70% of
sample variation in average currency returns.

/

4.5.2 Characteristics vs. covariances. Currency-specific attributes other
than interest rates could explain some of our findings; maybe some currencies=
earn high returns merely because they have high interest rates, not because?
their returns co-vary positively withiMLgx. By sorting currencies on inter-

est rate characteristics and usiilILgx as a factor, are we simply measuring
the effects of interest rate characteristics on currency returns? We address thi
concern in two ways. First, we run tests to discriminate between these two
explanations on actual and model-generated data. Second, we test other impli
cations of the model.

The results in the top panel of Tall2 suggest that we are simply picking up
the effects of characteristics. This panel reports the cross-sectional asset pric-a
ing results obtained after adding the average interest rate difference for eachg
currency portfolio, which we can call the characteristic, as a factor. The carry
trade risk factor is no longer statistically significant. On the basis of this “horse
race” between the risk factor and the characteristic, one would conclude that
the characteristic wins. However, in the bottom panel, we run the same estima-
tion on simulated data from our calibrated no-arbitrage model in which only
the risk is priced, not the characteristic. We use a small sample of 300 periods
from the same simulation with thirty currencies that we used in Sedtidn
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Table 11
Time-varying betas: Data and model

brmL brx bzx HML bzx R

Panel I: Develope€ountries

0.07 085 026 006
Robust [0.05] [0.09] [0.08] [0.04]
NW [0.02] [0.02] [0.02] [0.02]

Panel II: All Countries

0.07 101 031 002
Robust [0.04] [0.09] [0.06] [0.06]
NW [0.02] [0.02] [0.03] [0.03]

Panel llI: Simulatediata

0.08 100 035 -0.01
Robust [0.01] [0.00] [0.01] [0.00]
NW [0.00] [0.01] [0.00] [0.01]

The table reports results from the panel regressions of excess returns on individual currencies on the risk factors
scaled with the currency-specific forward discounts. The excess returns used as test assétaldpinto

account bid-ask spreads. Risk factét$/L and R X come from portfolios of currency excess returns that do

take into account bid-ask spreadtsM L correspond to a carry trade strategy, long high interest rate currencies,
and short low interest rate currenci€sX corresponds to the average currency return across all portfolios. All
excess returns are multiplied B (annualized)z is the country-specific forward discount rescaled to have a
cross-sectional mean of 0 and standard deviation of 1 at anyttiffiee standard errors in brackets are robust

with clustering by month and currenciR@bus} or Newey and West1987) with 2 lags (N\W). Data are monthly,

from Barclays (Panel 1) and Barclays and Reuters (Panel Il) in Datastream. The sample period is 11/1983—
12/2009.

The simulation-based estimates are essentially the same as the actual estimates
from the data; the characteristic drives out the risk factor. The estimated risk
price forHMLEgx has the wrong sign.

This result is not surprising. In the model, as in the data, there is no variation
in exposure ttAMLEgx across different currencies that is independent of interest
rates. Furthermore, interest rates are computed from market prices that are
recorded without measurement error; factor loadings are not. So, the outcome
of this horse race, in which the risk factor is at a serious disadvantage, does not
help distinguish between these competing explanations.

4.5.3 Volatility as a risk factor. As a final test of our model, we consider
a measure of global financial market volatility as another proxy for the com-
mon risk factor. We expect global volatility to increase in bad times for global
investors. If innovations to the common component of marginal utility growth
u® are indeed correlated with innovations to global volatitity then volatility
innovations could proxy foHMLgx innovations. In our model, these innova-
tions are perfectly negatively correlated, so that volatility should command a
negative price of risk.

In the data, our volatility measure is the average volatility of stock returns in
local currency across all currencies in our sample. To build our volatility factor,
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Common Risk Factors in Currency Markets

Table 12
Asset pricing—with characteristics

Panel I:Data

All Countries Developeountries

IMMLEy 4RX 4FD R? RMSE p—val ipmigy 4ARXx 4FD R? RMSE p-val

FMB -487 182 088 7055 082 744 —228 147 4707 064
[5.22] [1.64] [0.54] 10.15 [10.97] [3.73] [152] 1692

Panel Il:Simulation

JMMLgy 4RX 4FD R? RMSE p-val

FMB —128 124 148 9715 027
[8.26] [254] [L.79] 90.02

0.} papeojumoq

This table reports results from a Fama-McBeth asset pricing procedure with characteristics: The average interest 5
rate differential in each portfolio is added to the second stage of the Fama—McBeth estimation. Market prices of =
risk 4, the adjustedR?, the square root of mean-squared er@id SE and thep-values ofy 2 tests on pricing
errors are reported in percentage points. The first panel uses actual data. Excess returns used as test assets a@
risk factors take into account bid-ask spreads. Data are monthly, from Barclays and Reuters in Datastream. The & o
sample period is 11/1983-12/2009. The second panel uses the last 300 periods of simulated data. All excess®
returns are multiplied bg200(i.e., in percent, annualized). We do not include a constant in the second step of
the FMB procedure.

dn

we first compute the standard deviation over one month of daily MSCI price
index changes for each currency, and then the cross-sectional mean of thes
volatility series. Our risk factor corresponds to volatility innovations, obtained
as log differences of our global volatility series.

The top panel in Tablé3 reports the loadings of different portfolio returns
on the equity volatility factor. These loadings confirm our intuition: They de-
crease monotonically from the first to the last portfolio frorB0to —0.81 in
the full sample (reported in the left panel), and frd® to —.59 in the case
of developed countries (reported in the right panel). High interest rate coun-
tries tend to offer low returns when equity volatility increases. Low interest
rate countries, on the contrary, offer high returns when volatility goes up. As
a result, the estimated price of volatility is negative (and statistically signifi-
cant), as predicted by the model. Building on our wdfienkhoff et al.(2010
find that a measure of global volatility obtained from currency markets also
explains the cross-section of our currency portfolios. Those results are also
consistent with our model.

While the equity volatility risk factor does not use any information on ex-
change rates, it has explanatory power for the cross-section of currency exces
returns. This is consistent with our model. However, it cannot regtidery
as the pricing factor. In a horse race between these two risk fatttbrx
drives out innovations to the volatility factor. We have shown thisit_rx ex-
tracts the common component of the stochastic discount factors directly from
currency returns; since the global volatility factor is not observed directly but
has to be estimated, it is not surprising thILFx has superior explanatory
power for returns. As a robustness check, we sort countries on their global
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Table 13
Asset pricing—equity volatility risk factor (innovations)

Panel I: FactoBetas

All Countries Developeountries
i j i 2 i j 2
Portfolio ﬁlequity Brx R ﬁVO'Equity Prx R
1 0.37 1.04 74.78 0.58 0.99 72.55
[0.12] [0.05] [0.25] [0.06]
2 0.22 0.94 76.21 0.16 1.01 80.01
[0.10] [0.04] [0.14] [0.04]
3 0.19 0.95 74.34 0.20 1.04 86.67
[0.10] [0.04] [0.13] [0.03]
4 0.13 0.95 75.44 -0.35 0.97 82.02
[0.08] [0.05] [0.18] [0.04]
5 -0.10 1.06 76.30 -0.59 0.99 74.50
[0.13] [0.05] [0.16] [0.05]
6 -0.81 1.07 63.84
[0.16] [0.06]
Panel II: RiskPrices
All Countries Develope€ountries
Volgquity ARX R2 MVolequity ARX R
FMB -4.20 1.33 66.10 -2.31 1.91 48.12
[1.41] [1.35] [1.46] [1.73]
(1.65) (1.35) (1.53) (1.73)

The panel on the left reports empirical results using actual data for all countries. The panel on the right reports
results for the simulated data from the calibrated model. Panel | reports OLS estimates of the factor betas. Panel
Il reports risk prices from the Fama—MacBeth cross-sectional regression. Market prices oarndkadjusted

R?s are reported in percentage points. Excess returns used as test assets and risk factors take into account bid-ask
spreads. All excess returns are multiplied®(annualized). To build our volatility factor, we first compute the
standard deviation over one month of daily MSCI price index changes for each country in our sample. We then
compute the cross-sectional mean of these volatility series. Our risk factor corresponds to volatility innovations,
obtained as log differences of our global volatility series. We do not include a constant in the second step of
the FMB procedure. The sample period is 11/1983-12/2009. The standard errors in bracké&te/eyeand

West (1987 standard errors computed with the optimal number of lags accordiAgdeews(1991). Shanken
(1992-corrected standard errors are reported in parentheses.

equity volatility betas (as we did fddMLgx betas). Again, we obtain a clear
cross-section of interest rates and currency excess returns. Countries that load
more on global volatility offer higher excess returns because they bear more
HMLEx risk.

. Conclusion

By sorting currencies by their interest rates, we identify a slope factor in cur-
rency returns, driven entirely by common exchange rate variation among dif-
ferent currencies. The higher the currency’s interest rate, the more the currency
is exposed to this slope factor. This suggests a standard APT approach to
explaining carry trade returns. The loadings on this slope factor line up with
the average returns on the currency portfolios.
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Furthermore, we derive conditions under which a standard affine model can
replicate these carry trade returns. Heterogeneity in the loadings on a common
component in each country’s SDF is critical. In times of heightened volatility
of the common innovations to the SDF, lower interest rate currencies endoge-
nously become more exposed to the common innovations and hence they offer
insurance, because their exchange rate appreciates in case of an adverse global
shock. In addition, we can recover similar patterns in interest rates and cur-
rency returns by sorting currencies into portfolios based on their exposure to 9
the carry trade risk factor and to a measure of global volatility in equity mar- 3
kets, not using any interest rate information whatsoever. This suggests that theg
common variation in exchange rates that we have uncovered after sorting cur- 3
rencies by their interest rates is not a statistical artifact produced by sorting the &’
currencies by their interest rates but instead truly measures differences in ex—i
posure to global risk. While we cannot conclusively disprove them, our work
raises the bar for other candidate explanations.
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