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Abstract

A mean-variance efficient currency portfolio earns a remarkable out-of-sample Sharpe

ratio of 1.21 and has a small downside risk. It dominates popular currency trading

strategies both in terms of the Sharpe ratio and the downside risk. Crash risks and pop-

ular pricing factors do not explain the performance. There are two key features. First,

we use principal component analysis to construct a robust version of the covariance

matrix, which reduces estimation errors and significantly improves the out-of-sample

performance. Second, market timing – i.e., trading more (less) aggressively when the

conditional risk-return trade-off is more (less) favorable – significantly increases the

unconditional Sharpe ratio and reduces the downside risk.
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1 Introduction

Ackermann et al. (2016) and Daniel et al. (2017) show that mean-variance optimized portfo-

lios earn high out-of-sample returns in FX markets. The success of these trading strategies

rests on the use of forward discounts as proxies for conditional expected excess returns in

the portfolio optimization, which helps to mitigate estimation errors.1 This is an important

finding for FX markets given DeMiguel et al. (2009) finds that mean-variance optimized

portfolios are consistently outperformed by equally weighted portfolios in US stock markets

due to noisy parameter estimates. We also use forward discounts as proxies for expected

excess returns. In addition, we adjust the mean-variance optimized portfolio along two di-

mensions – market timing and estimation errors in the covariance matrix – and demonstrate

that our adjustments significantly increase the out-of-sample Sharpe ratio and reduce the

downside risk.

First, Ackermann et al. (2016) and Daniel et al. (2017) re-scale the portfolio weights

to keep the notional value (or the total USD risk exposure) of the trading strategy con-

stant through time. In contrast, our strategy invests more (less) aggressively, i.e., increases

(decreases) its notional value, when the risk-return trade-off is more (less) favorable. This

market timing is a key feature of our strategy. Conditional at any time t our portfolio is

proportional to the re-scaled portfolio, and thus, the conditional Sharpe ratios of the two

strategies are identical. However, the market timing of our strategy significantly improves the

unconditional return distribution. The unconditional out-of-sample Sharpe ratio increases

from 0.72 to 1.21, the skewness of the return distribution turns from negative to positive and

the downside risk reduces from 8.68% to 1.57% for our sample of 15 developed currencies

from 1977 to 2016. We measure the downside risk as the maximum loss the strategy has

experienced in our sample per 1% expected excess return. Therefore, a maximum loss of

8.68% (or 1.57%) per 1% expected excess return implies that a strategy with a target ex-

1The (1-month) forward discount of the exchange rate of currency i against the USD is the difference in
the logarithms of the current spot and (1-month) forward exchange rates. If the covered interest rate parity
holds, this is equal to the difference in (1-month) interest rates in currency i and the US-dollar (USD). See
Section 2 for details.
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pected excess return of 10% has (at least once) experienced a drawdown from peak to trough

of 86.8% (or 15.7%) between 1977 to 2016.

Second, we address estimation errors in the conditional covariance matrix. We use prin-

cipal component analysis (PCA) to span the FX risk space and remove principal components

(PCs) with little explanatory power. This allows us to construct a robust version of the co-

variance matrix and ensures that the implicit underlying factor model (with PCs as pricing

factors) excludes near-arbitrage opportunities (Ross, 1976; Kozak et al., 2018). When we use

our PCA approach to address estimation errors in the covariance matrix, the out-of-sample

Sharpe ratio increases from 1.07 to 1.21, the skewness of the return distribution turns from

negative to positive and the downside risk reduces from 2.67% to 1.57% maximum loss per

1% expected excess return.

We further document that our trading strategy outperforms other popular currency trad-

ing strategies, such as forward discount sorted portfolios (Lustig and Verdelhan, 2007), mo-

mentum portfolios (Burnside, 2011; Menkhoff et al., 2012b), value portfolios (Bilson, 1984),

and volatility managed portfolios (Moreira and Muir, 2017). Our results hold both in a set

of 15 developed and a larger set of 29 developed and emerging currencies. Our main sam-

ple is from 1977 to 2016. We also confirm that our strategy is profitable and outperforms

competing strategies after transactions costs and in various subsamples (i.e., in and out of

NBER recessions, before and after the introduction of the Euro, and in a shorter sample

from 1983 to 2016). Finally, we show that popular FX market pricing factors are not able

to explain the performance of our trading strategy, which implies that we are not simply

investing in a combination of well-known currency risk factors.

The market timing of our strategy has significant implications on the out-of-sample per-

formance. Empirically, we document that the notional value of our strategy predicts future

realized returns and volatility of a mean-variance optimized portfolio. This confirms that

our strategy invests more (less) aggressively when the risk-return trade-off is more (less)

favorable. It is important that there is predictability in both the first and the second mo-

ment of returns, which sets the market timing of our strategy apart from volatility managed
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portfolios (Moreira and Muir, 2017). Moreover, we provide a stylized theoretical model and

show under what conditions the market timing of our strategy increases the unconditional

Sharpe ratio compared to a strategy that does not time the market and keeps its notional

value constant through time. The condition requires that the conditional expected excess

return is sufficiently time-varying, which is consistent with the data.

A common concern is that a mean-variance optimization ignores jump risks and our

strategy may be subject to large crash or downside risk. For instance, the high-minus-

low forward discount sorted carry trade strategy of Lustig and Verdelhan (2007) is subject

to significant crashes. It has a negative skewness of -0.86 and a maximum loss of 7.6%

per 1% expected excess return. Interestingly, our mean-variance optimized strategy is not

subject to significant crashes. Its skewness is positive (+0.89) and the maximum loss per

1% expected excess return is 1.57%. The performance of our strategy is also stable across

NBER and non-NBER recession periods, while most other FX strategies perform poorly

during NBER recessions. Thus, the high average returns do not appear to be compensation

for downside risk. This has important implications for the literature on crash risks in FX

markets (Brunnermeier et al., 2008; Lettau et al., 2014; Dobrynskaya, 2014, 2015; Chernov

et al., 2018). Since a mean-variance optimization significantly increases average returns and

reduces the downside risk to a minimal size (compared to an equally weighted carry trade

portfolio, for instance), it is unlikely that crash risks are of first order importance to explain

priced risks in FX markets. Bekaert and Panayotov (2018), Daniel et al. (2017) and Maurer

et al. (2018a) present further evidence that questions the importance of currency crashes for

pricing.

Another concern is that our strategy may be difficult to implement if it requires a lot

of trading in times when FX markets are illiquid. We show that this is not the case. The

notional value and the turnover are both negatively correlated to FX market volatility and

illiquidity measures. That is, our strategy invests and trades less (more) aggressively when

FX market are more (less) volatility and illiquid. We further set a ceiling to the maximum

notional value, which ensures that the strategy meets margin requirements.
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Baz et al. (2001) and Della Corte et al. (2009) also construct mean-variance efficient

currency portfolios but only with a small set of currencies (i.e., 4 and less exchange rates).

Such a small set of currencies limits diversification benefits and does not yield strong results as

documented by Ackermann et al. (2016), Daniel et al. (2017) and our analysis. In addition,

none of these related papers uses our PCA approach to address estimation errors in the

covariance matrix or the market timing as in our strategy.

Our paper is also related to Levich and Thomas (1993), Taylor and Allen (1992), Silber

(1994), LeBaron (1999) and Neely and Weller (2008), who provide evidence that technical

analysis generates significant risk-adjusted returns in FX markets. Jorda and Taylor (2012)

show that conditioning on purchasing power parity (PPP) improves the performance of naive

carry trade strategies. Neely and Weller (2013) investigate strategies based on filter, channel,

moving average, momentum and carry trade rules and construct portfolios with large Sharpe

ratios. Sager and Taylor (2014) build on the exchange rate predictability from a cointegration

relationship in Clarida and Taylor (1997) and generate large trading profits. Employing the

portfolio optimization method of Brandt et al. (2009), which maps asset characteristics into

portfolio weights, Laborda et al. (2014) and Barroso and Santa-Clara (2015) construct carry

trade portfolios, which perform well out-of-sample. Della Corte et al. (2016) construct a

profitable carry trade strategy based on option implied variance risk premia. Dahlquist and

Hasseltoft (2016) document a strong relationship between economic momentum (i.e., trends

in fundamentals) and average carry trade returns and build trading strategies. Bekaert and

Panayotov (2018) construct carry trades based on a restricted set of “good” currencies that

earn high risk adjusted returns with limited downside risk.

Our approach to use PCA to address estimation errors in the covariance matrix builds

on the finding of Lustig et al. (2011) that there is a strong factor structure in FX markets

and the first two PCs explain most of the variation in returns of forward discount sorted

portfolios. In addition, Maurer et al. (2018b) show that the (minimum variance) stochastic

discount factor estimated from the first two PCs of exchange rate growths has important

pricing implications for long term bonds and international stock returns and is related to
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macroeconomic fundamentals and financial stress indicators. Maurer et al. (2018a) further

show that forward discounts and the covariance matrix of exchange rate growths have impor-

tant information for pricing. However, they do not analyze the performance of mean-variance

optimized portfolios.

Our contribution is to quantify the importance of (i) market timing based on the condi-

tional risk-return trade-off and (ii) addressing estimation errors (particularly in the covari-

ance matrix) for the profitability of mean-variance optimized portfolios. We show that both

features are important, but market timing has a more significant quantitative effect on the

out-of-sample performance.

Our paper is organized as follows. Section 2 describes the data and all FX trading

strategies. Section 3 reports our results, and Section 4 concludes. The Appendix provides

additional Tables and and more details about the data.

2 Data and Carry Trade Strategies

2.1 Data

We collect daily spot and 1-month forward bid, ask and mid exchange rates from Barclays

Bank International and Reuters via Datastream. We use quotes of the last day of the month

to compute monthly returns. A concern with currencies of emerging countries is that there

are capital controls and major trading frictions. Menkhoff et al. (2012b) and Della Corte et al.

(2016) suggest to exclude countries with a negative score on the capital account openness

index of Chinn and Ito (2006). Following this literature, we use 29 currencies (and the USD)

in our analysis. According to Lustig et al. (2011) 15 of them are classified as “developed”,

while the remaining 14 are “emerging” countries. The 15 developed countries are: Australia,

Belgium, Canada, Denmark, Euro Area, France, Germany, Italy, Japan, Netherlands, New

Zealand, Norway, Sweden, Switzerland, United Kingdom. The 14 emerging countries are:

Brazil, Czech Republic, Greece, Hungary, Iceland, Ireland, Mexico, Poland, Portugal, Singa-
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pore, South Africa, South Korea, Spain, Taiwan. The Euro was introduced in January 1999

and we exclude currencies of countries which have joined the Euro after that date and only

keep the Euro as a currency.

We further exclude a currency from the investment set from the end of month t to t+ 1

if more than 20% of its daily exchange rate observations are missing over the past 9 months,

or if the absolute value of the annualized exchange rate forward discount is larger than 20%

at the end of month t. Forward discounts of more than 20% are rare and we believe that

such large values likely indicate non-tradable outliers in the data, the presence of severe

trading frictions, sizable sovereign default risk or an extraordinary large expected currency

devaluation. Under these conditions, a currency trader is likely not able or willing to consider

a currency as part of the investment opportunity set. Moreover, we use the following rule-of-

thumb to address transaction costs. At the end of month t we compute the current bid-ask

spread relative to the mid exchange rate quote and if the spread is larger than 1%, then

we exclude a currency from the investment set from the end of month t to t + 1. When we

account for full round-trip transaction costs, then a 1% bid-ask spread and 12 trades per year

(i.e., monthly rebalancing) implies annual costs of 12%. It is reasonable to exclude securities

with such large costs from the portfolio selection. These filters use information available in

real time and do not introduce a look-ahead bias in our analysis. Our results are robust to

changes in the threshold values of our filters.

Exchange rates of all 29 currencies are quoted against the USD for the sample starting

on October 11th, 1983 and ending on March 2nd, 2016. We are able to extend our sample

further back to January 2nd, 1976 for the following subset of 14 countries with exchange

rates quoted against the GBP (Great British Pound): Austria, Canada, France, Germany,

Ireland, Italy, Japan, Netherland, Norway, Portugal, Spain, Sweden, Switzerland, USA. For

the period from January 2nd, 1976 to October 11th, 1983 we convert all data to exchange

rates quoted against the USD using mid exchange rate quotes of USD/GBP.

All results in our paper are presented for two data sets, one using the data of 15 developed

currencies and one using the data of 29 developed and emerging currencies. Trading frictions
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are typically lower for currencies of developed countries (e.g., they have a large active trading

volume, there are less capital controls, liquidity is higher, transaction costs are lower) than for

currencies of emerging countries. Thus, our strategy may be easier and cheaper to implement

using 15 developed currencies.

2.2 Carry Trade Returns and Transaction Costs

We denote spot and 1-month forward exchange rates as USD per unit of currency i at time

t by Xi,t and Fi,t. Following the literature, we define the 1-month realized bilateral carry

trade return between currency i and the USD (denominated in USD) by

CTi,t+1 ≡ ln

Ç
Xi,t+1

Fi,t

å
= fdi,t + ∆xi,t+1,

where fdi,t = ln
(
Xi,t
Fi,t

)
(known at time t) is the forward discount, and ∆xi,t+1 = ln

(
Xi,t+1

Xi,t

)
(realized at time t+1) is the exchange rate growth. CTi,t+1 is the excess return (over the risk-

free rate in USD) of entering an uncovered long position in the 1-month forward exchange

rate contract.2

We compute carry trade returns before and after transaction costs. We use mid exchange

rate quotes for Xi,t and Fi,t to compute returns before transaction costs. To account for

transaction costs we use bid-ask quotes, indicated by superscripts b and a. We implement

two measures of transaction costs: (i) full round-trip costs (a conservative measure) and (ii)

costs assuming no roll-over fees for forward contracts. As a robustness check we present

our results for both types of transaction costs. Accounting for full round-trip transaction

costs for a long position in the bilateral carry trade i we have the return net of transaction

costs CTLi,t+1 = ln
Å
Xb
i,t+1

Fai,t

ã
, and for a short position in the same trade we have CT Si,t+1 =

2Under the premise of the covered interest rate parity (CIP), the forward discount is equal to the interest

rate differential fdi,t = ln
Ä

Ri,t

RUS,t

ä
where RUS,t and Ri,t are 1-month risk-free interest rates in the USD and

currency i, and the carry trade return is equivalent to borrowing 1
RUS,t

USD and lending 1
RUS,tXi,t

units

of currency i. Note that we do not require the CIP to hold for the construction of our portfolios or the
out-of-sample performance analysis. We implement all carry trade returns using forward and spot exchange
rates and do not need information about interest rates.
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− ln
Å
Xa
i,t+1

F bi,t

ã
.

Accounting every month for full round-trip transaction costs is conservative because it

is relatively cheap to roll a contract over from month to month. The literature recognizes

this and often assumes no roll-over fees and only accounts for transaction costs if there is

a change in a position (Menkhoff et al., 2012a,b; Della Corte et al., 2016). Specifically, if a

position was open before time t and stays open after the end of the month, then we compute

the realized return without transaction costs (mid exchange rate quotes). If a long position

was open before time t and is closed at the end of the month, then we calculate the return

as CTLi,t+1 = ln
Å
Xb
i,t+1

Fi,t

ã
. If a long position was newly opened at time t but stays open at the

end of the month, then we calculate the return as CTLi,t+1 = ln
Å
Xi,t+1

Fai,t

ã
. Similar, if a short

position was open before time t and is closed at the end of the month, then we calculate the

return as CT Si,t+1 = − ln
(
Xa
i,t+1

Fi,t

)
. If a short position was newly opened at time t but stays

open at the end of the month, then we calculate the return as CT Si,t+1 = − ln
Å
Xi,t+1

F bi,t

ã
.

2.3 Trading Strategies

We use the bilateral carry trade returns for N currencies (against the USD) as our universe

of N risky assets. Due to data availability the number of currencies N changes through time;

for notational simplicity, we drop the time subscript for N . The excess return from the end

of month t to t + 1 of a strategy S is CT ′t+1θ
S
t , where CTt+1 is the vector of excess returns

of all N bilateral carry trades and θSt is the vector of portfolio weights at the end of month

t. Since bilateral carry trade returns are uncovered long positions in forward exchange rate

contracts and thus excess returns, the sum of weights
∑
i θ

S
i,t does not need to be equal to 1.

The notional value per USD is given by the sum of all absolute portfolio weights
∑
i ‖θSi,t‖

and measures the total USD risk exposure of the investment strategy S.
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Mean-Variance Efficient Strategies (MV)

We analyze the performance of the mean-variance optimal portfolio MV with portfolio

weights θMV
t = ϑΩ−1

t µt. ϑ is a time invariant scaling factor, which can be interpreted

as the inverse of the relative risk aversion of an investor with mean-variance preference. The

choice of this scaling factor has no effect on the Sharpe ratio or our measure of downside risk

per 1% expected excess return. Ωt and µt are the conditional covariance matrix and vector

of expected excess returns of the N risky bilateral carry trades.

A challenge of a mean-variance optimization is the problem of parameter uncertainty.

That is, we do not observe the true conditional covariance matrix and expected excess

returns, but have to work with estimates. Estimation errors can lead to distortions in the

optimization, and in turn, imply deceptively high in-sample but low out-of-sample Sharpe

ratios. For instance, DeMiguel et al. (2009) show that in the US stock market mean-variance

optimized portfolios earn low out-of-sample returns and are consistently outperformed by

equally weighted portfolios. They attribute their empirical finding to estimation errors.

We address the estimation error problem for the expected excess returns and the covari-

ance matrix. We use the current forward discount fdi,t as a proxy for the conditional expected

excess return µi,t. This is motivated by the empirical finding that exchange rate changes are

difficult to predict over a short horizon (Meese and Rogoff, 1983), i.e., Et [∆xi,t+1] ≈ 0, and

thus, Et [CTi,t+1] ≈ fdi,t. Baz et al. (2001), Della Corte et al. (2009), Ackermann et al. (2016)

and Daniel et al. (2017) make the same assumption to estimate expected excess returns in

currency markets.

To mitigate estimation errors in the covariance matrix we exploit the strong factor struc-

ture in FX markets. That is, few PCs capture most of the time-series variation in currency

returns (Lustig et al., 2011). We employ PCA and use only PCs which explain a significant

amount of the common variation in FX market returns to construct a robust version of the of

the covariance matrix Ω−1
t . In the first step, we use an exponentially weighted moving average

(EWMA) of squared, demeaned exchange rate growths to estimate Ωt. Element (i, j) of Ωt is
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Covt (CTi,t+1, CTj,t+1) = Covt (∆xi,t+1,∆xj,t+1) = Tt
6

∑Tt
τ=1 δ

Tt−τ(∆xd,i,τ−∆xd,i,t)(∆xd,j,τ−∆xd,j,t)∑Tt
τ=1 δ

Tt−τ
,

where ∆xd,i,τ is the daily exchange rate growth of currency i against the USD on day τ in

the 6 month period preceding the last day of month t, ∆xd,i,t = 1
Tt

∑Tt
τ=1 ∆xd,i,τ is the sample

average of the daily exchange rate growth ∆xd,i,τ over the past 6 months, Tt is the number

of trading days within the past 6 months, and EWMA weight δ = 0.95. The EWMA weight

of 0.95 implies a half-life of an exchange rate growth observation of 14 trading days. Our

results are robust to various choices of the window length and the EWMA weight.3

In the second step to construct the robust version of the inverse of the covariance matrix,

we diagonalize Ωt = WtΛtW
′
t , where Wt is the N × N rotation matrix (whose N columns

are the N × 1 eigenvectors) and Λt the N ×N diagonal matrix with the eigenvalues λi,t for

i ∈ {1, . . . , N} on its diagonal. We then remove eigenvalue λk,t (i.e., row and column k of

Λt) and its corresponding eigenvector (i.e., column k of Wt) if
λk,t∑N
h=1

λh,t
< 1%. That is, we

remove PCs which explain less than 1% of the variation in exchange rate growths. We denote

the new matrices after removing K small eigenvalues and corresponding eigenvectors by the

(N −K)× (N −K) diagonal matrix ‹Λt and the N × (N −K) rotation matrix ›Wt, and define‹Ω−1
t = ›Wt

‹Λ−1
t
›W ′
t . This procedure reduces estimation errors in the covariance matrix and

provides us with a robust version of Ω−1
t . Our approach is equivalent to a linear factor model

with the N −K largest PCs as factors, and the MV invests in the optimal combination of

these factors. Removing PCs which explain only a small fraction of the exchange rate growth

variation avoids in-sample over-fitting and near-arbitrage opportunities, i.e., factors with an

unreasonably large in-sample Sharpe ratio (Ross, 1976; Kozak et al., 2018).

Using our proxy for the conditional expected excess returns and the estimated robust

version of the inverse of the covariance matrix, our mean-variance optimized portfolio MV

has portfolio weights θMV
t = ϑ›Wt

‹Λ−1
t
›W ′
tfdt.

Ackermann et al. (2016) and Daniel et al. (2017) also construct mean-variance efficient

portfolios and document high out-of-sample Sharpe ratios. They use forward discounts as a

3We have tested window lengths between 3 and 12 months and EWMA weights between 0.9 and 1, and
our findings remain essentially unchanged.
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proxy for expected excess returns but they do not address estimation errors in the covariance

matrix and do not use PCA to construct a robust version of the inverse of the covariance

matrix. A second difference between our portfolio and their strategies is the market timing,

i.e., the time-series of the notional value of the strategy. They re-scale their portfolio at every

time t to keep the notional value constant through time, i.e., θMVCR
t =

θMV
t∑

i
‖θMV
i,t ‖

. We denote

this strategy as the mean-variance strategy with constant total USD risk exposure MVCR.

In contrast, the notional value of the MV is time-varying and depends on the absolute size

of the forward discounts and the conditional covariance matrix. Since the MV and the

MVCR only differ with respect to the time-series of the notional value, conditional at time

t the portfolio compositions are proportional and the strategies have identical conditional

Sharpe ratios. However, the unconditional return distributions are not proportional and we

document in our analysis that the MV has a significantly larger Sharpe ratio and a smaller

downside risk than the MVCR. The reason is because the MV increases (decreases) its

notional value and trades more (less) aggressively when the conditional risk-return trade-off

is more (less) favorable and the conditional Sharpe ratio is high (low). In turn, this yields a

higher average or unconditional Sharpe ratio. We elaborate more on this in Section 3.

A potential practical concern about a time-varying notional value is the implementability

of the strategy due to margin requirements. Margin requirements are typically between 2%

and 5% for the currencies in our data set.4 These requirements set an upper bound on the

notional value per USD between 20 and 50. To be conservative, we limit the notional value

per USD of the MV to a maximum of 10, i.e., in the rare cases when θMV
t = ϑ›Wt

‹Λ−1
t
›W ′
tfdt

implies a notional value per USD larger than 10, we re-scale θMV
t to set the notional value

per USD exactly equal to 10.5

Besides the MV and the MVCR, we implement five related strategies, which address the

problem of estimation errors. First, MVρ ignores all correlations and assumes the covariance

matrix is a diagonal matrix with exchange rate growth variances on the diagonal. The

4For instance OANDA publishes margin requirements on its website,
https://www.oanda.com/resources/legal/united-states/legal/margin-rates.

5Recall that the notional value per USD is given by the sum of all absolute portfolio weights
∑

i ‖θMV
i,t ‖.
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portfolio weights are θ
MVρ
t = D−1

t fdt where the diagonal of Dt is equal to the diagonal of›Wt
‹Λ−1
t
›W ′
t and all off-diagonal elements are zero. Ignoring correlations presents an interesting

trade-off. On the downside we lose information which potentially has a negative effect on

the out-of-sample performance. On the upside we have to estimate fewer parameters and

estimation errors are less of a concern which potentially has a positive effect on the out-of-

sample performance. It is an empirical question which effect dominates.

MVFull works with the covariance matrix Ωt estimated using EWMA and does not employ

the PCA. ComparingMV andMVFull informs us about the importance of the PCA to address

the problem of estimation errors in the covariance matrix.

MVShrink uses the shrinkage approach of Ledoit and Wolf (2003) to construct a robust

version of the covariance matrix. We shrink the matrix Ωt (estimated using EWMA) towards

the covariance matrix implied by a single index model with the first PC of exchange rate

growths as a factor. Note that the first PC captures more than 60% of the variation in

exchange rate growths. The comparison between MV and MVShrink informs us whether

there is a particular benefit of PCA or whether other methods to construct a robust version

of the covariance matrix yield similar results.

Finally, MVAveRet estimates the conditional expected excess returns µt using average

realized excess returns over the past 6 months. Historical average excess returns are a

standard (unbiased) estimate of expected excess returns (DeMiguel et al., 2009). Comparing

MV and MVAveRet informs us about the importance of using the forward discounts fdt as a

proxy for the expected excess returns µt instead of past average excess returns.

Other Strategies

Forward Discount Sorted Portfolios: The Dollar DOL is a traded factor that in-

vests equally in all bilateral carry trades (Lustig et al., 2011), i.e., θDOLi,t = 1
N

. The dy-

namic Dollar DDOL takes a long (short) position in the DOL when the median forward

discount across all exchange rates is positive (negative) (Lustig et al., 2014), θDDOLt =
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sign(median({fdj,t}Nj=1))θDOLt . Lustig and Verdelhan (2007) introduce an equally weighted

high-minus-low forward discount carry portfolio HML. On the last day of every month

t, we sort currencies according to the current forward discount fdi,t, and for each quintile

k ∈ {1, . . . , 5} we construct an equally weighted portfolio fdPk of bilateral carry trades

CTi,t+1 for all currencies i in quintile k. The HML takes a long position in the high forward

discount portfolio fdP5 and a short position in the low forward discount portfolio fdP1.

We further enhance the HML by taking into account the size and time variation in the

forward discounts, and define the spread weighted carry SW as the portfolio with weights

equal to the forward discounts θSWt = fdt. In contrast to the HML which ranks currencies

according to the forward discount and equally weights top and bottom ranked currencies,

the weights are more fine tuned in the SW and a currency with a large (small) forward

discount receives a large (small) weight. Moreover, forward discounts change through time

and if the sum of absolute forward discounts
∑
i ‖fdi,t‖ is large (small), then the notional

value of the SW is large (small). Thus, the SW is dynamic and times the market based

on the absolute size of the forward discounts. We also construct a spread weighted carry

with constant total USD risk exposure (or notional value) SWCR. That is, we re-scale the

portfolio weights of SW at every time t so that the notional value does not change through

time, θSWCR
t =

θSWt∑
j
‖θSWj,t ‖

= fdt∑
j
‖fdj,t‖ . Finally, we construct volatility managed portfolios of

HML and SW denoted by HMLVM and SWVM following Moreira and Muir (2017). We

compute the conditional variance of the HML and SW denoted by σHML
t and σSWt using

daily returns of these factors over the past month and define the volatility managed factors

as θHMLVM
t =

θHML
t

(σHML
t )2

and θSWVM
t =

θSWt
(σSWt )2

.

Momentum: Momentum MOM strategies are popular in equity and FX markets. For

instance Burnside et al. (2011) and Menkhoff et al. (2012b) analyze momentum returns in

FX markets and report high Sharpe ratios. They show that the momentum returns are robust

to either changes in the formation period or the investment horizon or whether the portfolios

are constructed based on past carry trade returns or exchange rate growths. On the last day

of every month t we compute for each currency I the average carry trade return of borrowing

13



USD and lending currency I over the past 12 months. We, then, sort currencies according to

the past performance into quintiles (the top quintile contains the winner currencies and the

bottom quintile the loser currencies) and build equally weighted currency portfolios for each

quintile. We denote these five portfolios by MomPi ∀i ∈ {1, . . . , 5}. MOM takes a long

position in the winner currency portfolio MomP5 and a short position in the loser currency

portfolio MomP1. In our sample at time t, we only use currencies for which we observe all

returns over the past 12 months.

Value: The value V AL strategy assumes that in the long run undervalued currencies (with

low real exchange rates) appreciate against overvalued currencies (with high real exchange

rates). This idea arguably goes back to Bilson (1984) who analyzes an FX trading strategy

based on deviations of the exchange rate from its equilibrium level when the PPP relationship

holds. On the last day of every month t we sort currencies according to their real exchange

rates against the USD into quintiles, where the top quintile contains overvalued and the

bottom quintile undervalued currencies. The real exchange rate of currency i against USD is

equal to the purchasing power parity at time t (i.e., the ratio of the prices in currency i and

the USD of a representative consumption bundle) multiplied by the nominal exchange rate

Xi,t. We construct equally weighted currency portfolio for each quintile, denoted by V alPi

∀i ∈ {1, . . . , 5}. V AL takes a long position in the portfolio of undervalued currencies V alP1

and a short position in the portfolio of overvalued currencies V alP5.

3 Performance of Trading Strategies

Tables 1 and 2 summarize the monthly excess returns before transaction costs of all strategies

for our sets of 15 developed and 29 developed and emerging currencies from 1977 to 2016.6

All strategies use information available at the end of month t to construct a portfolio which

we then hold until the end of the subsequent month t + 1. Thus, all returns are out-of-

6Though our data starts in January 1976, the construction of the MOM uses 12 months of past returns
and thus, we measure the performance of our strategies starting only in January 1977.
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sample and none of the trading strategies suffers from a look-ahead bias. We report the

annualized average excess returns (Mean), volatility (Vol) and Sharpe ratio (SR) (Mean and

Vol are reported in percentage points in the Tables). We further report the difference in

the Sharpe ratio between MV and all other strategies (∆SR). We use the test proposed

by Ledoit and Wolf (2008), which is robust to heteroskedasticity and autocorrelation,7 to

test the hypothesis whether ∆SR = 0 (the Sharpe ratios are equal) and indicate a rejection

of the test at the 10%, 5% and 1% significance level by 1, 2 and 3 stars. The p-value for

the test is provided in parenthesis on the row below ∆SR. Moreover, we characterize the

distribution of returns and estimate the skewness (Skew), kurtosis (Kurt), the maximum

drawdown (MDD) (in percentage points), which measures the maximum loss from peak to

trough a strategy has experienced during the entire sample period, and the MDD per 1%

expected excess return (‖MDD‖/Mean). ‖MDD‖/Mean also measures the expected time in

years to recover from the MDD. Since all strategies can be levered up or down, the MDD

per 1% expected excess return is a more useful measure when we compare the downside or

crash risks between strategies.

3.1 The MV vs Popular Currency Trading Strategies

In the top panel of Tables 1 and 2 we compare the out-of-sample performance of the MV to

the HML, DOL, DDOL, MOM and V AL, which are popular currency trading strategies

in the literature. The HML earns a sizable Sharpe ratio of 0.62 in the set of 15 developed

currencies and 0.66 in our set of 29 currencies (Lustig et al., 2011). The DDOL earns a

comparably high Sharpe ratio of 0.60 and 0.65 in the two sets of currencies. The MOM and

the V AL perform slightly worse with Sharpe ratios of 0.32 and 0.51 in the set of 15 and 0.36

and 0.46 in the set of 29 currencies. The DOL earns a low Sharpe ratio of only 0.08 and 0.11

in the two data sets. The MV dominates all strategies and earns a remarkable Sharpe ratio

of 1.21 and 1.16 in the sets of 15 and 29 currencies, which is almost twice as large as the

7We choose a block size of 10 for block-bootstrapping to estimate p-values. This is a conservative value
and our results are stronger if we use a smaller value closer to what is used by Ledoit and Wolf (2008) in
their examples.
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Table 1: Performance Before Transaction Costs, 15 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 10.08 5.63 0.72 5.05 4.16 4.18
Vol (in %) 8.35 9.14 8.59 8.47 13.19 8.13
SR 1.21 0.62 0.08 0.60 0.32 0.51
∆SR 0.59∗∗∗ 1.12∗∗∗ 0.61∗∗∗ 0.89∗∗∗ 0.69∗∗∗

(p-value) (0.002) (0.000) (0.007) (0.001) (0.001)

Skew 0.89 -0.86 -0.20 -0.15 0.34 0.03
Kurt 6.55 5.89 3.89 4.04 7.00 4.61

MDD (in %) -15.86 -42.78 -72.04 -24.09 -30.38 -22.79
‖MDD‖/Mean 1.57 7.60 99.58 4.77 7.30 5.45

MV SWCR SW HMLVM SWVM

Mean (in %) 10.08 6.01 7.23 7.67 11.87
Vol (in %) 8.35 7.05 9.90 11.05 14.84
SR 1.21 0.85 0.73 0.69 0.80
∆SR 0.35∗∗ 0.48∗∗ 0.51∗∗∗ 0.41∗∗

(p-value) (0.037) (0.014) (0.004) (0.028)

Skew 0.89 -0.42 0.50 1.20 1.64
Kurt 6.55 5.06 16.92 22.46 21.71

MDD (in %) -15.86 -24.39 -44.57 -38.80 -40.91
‖MDD‖/Mean 1.57 4.06 6.16 5.06 3.45

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 10.08 11.26 6.44 5.06 9.26 4.87
Vol (in %) 8.35 10.11 8.93 4.74 7.52 9.95
SR 1.21 1.11 0.72 1.07 1.23 0.49
∆SR 0.09 0.49∗∗∗ 0.14 -0.02 0.72∗∗∗

(p-value) (0.550) (0.002) (0.546) (0.924) (0.001)

Skew 0.89 1.15 -0.79 -1.66 -1.99 0.27
Kurt 6.55 8.81 5.36 25.04 31.64 6.97

MDD (in %) -15.86 -18.73 -55.90 -13.49 -30.70 -29.19
‖MDD‖/Mean 1.57 1.66 8.68 2.67 3.32 5.99

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 15 developed currencies from January 1977 to February 2016. Mean, Vol, SR

and ∆SR are annualized. Returns are before transaction costs.
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Table 2: Performance Before Transaction Costs, 29 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 12.98 4.94 0.89 4.16 4.92 2.78
Vol (in %) 11.23 7.51 8.44 8.31 13.64 6.01
SR 1.16 0.66 0.11 0.50 0.36 0.46
∆SR 0.50∗∗ 1.05∗∗∗ 0.65∗∗∗ 0.79∗∗∗ 0.69∗∗∗

(p-value) (0.019) (0.001) (0.004) (0.002) (0.003)

Skew 0.29 -0.94 -0.35 -0.24 -0.33 -0.17
Kurt 6.43 6.01 4.29 4.52 5.12 4.70

MDD (in %) -27.90 -38.07 -71.54 -28.36 -48.23 -16.11
‖MDD‖/Mean 2.15 7.70 80.67 6.82 9.80 5.80

MV SWCR SW HMLVM SWVM

Mean (in %) 12.98 5.14 10.11 9.62 14.45
Vol (in %) 11.23 6.91 15.43 12.32 16.75
SR 1.16 0.74 0.66 0.78 0.86
∆SR 0.41∗∗ 0.50∗∗ 0.37∗ 0.29∗

(p-value) (0.042) (0.027) (0.053) (0.066)

Skew 0.29 -0.77 -0.52 -0.34 1.75
Kurt 6.43 6.72 9.92 11.57 17.43

MDD (in %) -27.90 -27.35 -65.43 -40.49 -31.01
‖MDD‖/Mean 2.15 5.32 6.47 4.21 2.15

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 12.98 11.45 7.13 7.40 12.82 8.28
Vol (in %) 11.23 11.38 9.05 7.00 10.56 12.11
SR 1.16 1.01 0.79 1.06 1.21 0.68
∆SR 0.15 0.37∗∗ 0.10 -0.06 0.47∗∗

(p-value) (0.333) (0.019) (0.698) (0.807) (0.026)

Skew 0.29 0.76 -1.17 -2.43 -2.08 0.20
Kurt 6.43 10.30 8.53 21.95 19.09 7.41

MDD (in %) -27.90 -31.89 -37.76 -19.37 -36.35 -31.73
‖MDD‖/Mean 2.15 2.79 5.30 2.62 2.83 3.83

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 29 developed and emerging currencies from January 1977 to February 2016.

Mean, Vol, SR and ∆SR are annualized. Returns are before transaction costs.
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Sharpe ratio of the HML. The difference in Sharpe ratios (between the MV and the HML,

DOL, DDOL, MOM and V AL) is highly statistically significant with p-values smaller than

1%.

After accounting for transaction costs the Sharpe ratio of the MV decreases to 0.92 and

0.82 for the sets of 15 and 29 currencies. This is, however, still substantially larger than the

Sharpe ratio after transaction costs of the HML of 0.56 and 0.55, the DOL of 0.08 and 0.09,

the DDOL of 0.57 and 0.46, the MOM of 0.24 and 0.28, and the V AL of 0.47 and 0.39 (for

details see the robustness checks in Section 3.4, Tables 8 to 11).

In addition to the Sharpe ratio we investigate the crash risk of the strategies. A positive

skewness is a favorable property of a trading strategy, while a negative skewness is undesir-

able. With a positive skewness we frequently observe high returns (large upside potential),

while low returns are relatively close to the mean (limited downside risk). A negative skew-

ness implies the opposite, the upside potential is (or high returns are) relatively limited, and

the downside or crash risk is (or low returns are) relatively large. The HML has a sizable

negative skewness in both data sets. A large literature builds on this fact and argues that

the high average carry trade returns of the HML are a compensation for crash risk (Brun-

nermeier et al., 2008; Dobrynskaya, 2014; Galsband and Nitschka, 2013; Lettau et al., 2014).

Moreover, the DOL and the DDOL have negative skewness. The skewness of the MOM

and the V AL are positive in the set of 15 developed currencies but negative in the set of 29

currencies. Interestingly, the skewness of the MV is positive both when implemented in the

set of 15 and 29 currencies. The MV does not appear to be exposed to large crash risks,

even though it earns higher average returns than the HML. Therefore, it seems unlikely

that crash risks explain the high average returns of the MV .

The MDD reiterates the finding that the MV does not have much crash risk exposure.

The maximum loss of the MV is a moderate -16% in the set of 15 currencies and -28% in the

set of 29 currencies. In comparison, for instance the HML has a MDD of -43% and -38%, in

our sets of 15 and 29 currencies (even though the average return of the HML is smaller than

the average return of the MV ). The MDD per 1% expected excess return of the MV are
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1.57% and 2.15%, while they are more than 4.77% and 5.80% for the HML, DOL, DDOL,

MOM and V AL for our sets of 15 and 29 currencies. In Section 3.5 we provide additional

evidence that crash risk factors do not explain the average returns of the MV .

Cumulative Returns of the MV

Figure 1: Cumulative returns of the MV for the set of 15 currencies (solid black line) and
the set of 29 currencies (dotted red line).

Figure 1 shows the cumulative returns of the MV . The solid black and dotted red lines

refer to the time-series for the MV constructed from the set of 15 and 29 currencies. There

are no significant outliers that drive our results. Consistent with the moderate MDD, we do

not observe any severe crash. The MV performs surprisingly well during NBER recessions

(indicated by grey shaded areas), which is a desirable feature. Finally, the returns of the

MV constructed from the set of 15 developed currencies are relatively low during the past

decade. This is because interest rates and thus forward discounts in developed currencies

have approached zero. In contrast, the returns of the MV constructed from 29 developed

and emerging currencies are higher over the past decade because forward discounts in these
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currencies are still sizable.

To sum up, the MV yields a higher Sharpe ratio and experiences substantially less

downside or crash risk than popular currency trading strategies in the literature (i.e., the

HML, DOL, DDOL, MOM and V AL). This has important implications for investors and

for pricing. For investors it is important that a mean-variance optimization substantially

increases the out-of-sample Sharpe ratio, while it reduces crash risks. For pricing it is

important to note that the MV earns high average returns (and higher than other popular

strategies) but has a positive skewness and a limited MDD, and thus, it appears unlikely

that the high average returns in FX markets are a compensation for crash risks. Bekaert

and Panayotov (2018) and Daniel et al. (2017) provide additional evidence that questions

the importance of crash risks in FX markets. While the skewness of the strategies of Bekaert

and Panayotov (2018) and Daniel et al. (2017) are closer to zero than the HML, they are

still negative. The positive skewness of the MV offers new and stronger supportive evidence

that it is unlikely that currency crashes are of first order importance for pricing FX market

risks.

3.2 The MV vs Spread Weighted and Volatility Managed Carry

Trade Strategies

As a second comparison we analyze the performance of the spread weighted portfolios SWCR

and SW , and the volatility managed portfolios HMLVM and SWVM . The portfolio compo-

sition of the spread weighted strategies is more refined than the sorting and equal weighting

of the HML. In addition, the SW times the market based on the absolute size of the

forward discounts. It increases (decreases) its notional value and invests more (less) aggres-

sively when the absolute size of the forward discounts is large (small). Though the SW and

the SWCR have proportional portfolios at any time t and thus earn identical conditional

Sharpe ratios, the market timing of the SW changes the unconditional return distribution

and Sharpe ratio. Whether the market timing is valuable and increases the unconditional
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Sharpe ratio of the SW is an empirical question.

Volatility managed portfolios have received much attention since Moreira and Muir (2017)

have documented its benefit in the US stock and other asset markets. We confirm that the

volatility managed carry trade HMLVM dominates the HML. However, we also show that

the MV outperforms volatility managed carry strategies.

The results are in the second panel in Tables 1 and 2. For the set of 15 developed

currencies the Sharpe ratios of the SWCR, SW , HMLVM and SWVM are between 0.69 and

0.85. For the set of 29 currencies the Sharpe ratios are between 0.66 and 0.86. While these

strategies perform well, they all have significantly lower Sharpe ratios than the MV , which

is 1.21 for the set of 15 and 1.16 for the set of 29 currencies.

The skewness of the SWCR is negative. The SW and the HMLVM have a positive

skewness when implemented using the 15 developed currencies, but a negative skewness

when we use the set of 29 developed and emerging currencies. Only the SWVM has a

positive skewness. The MDD of the spread weighted or volatility managed strategies are

more severe than the MDD of the MV . In the case of the set of 15 developed currencies,

the MDD per 1% expected excess return of the MV is 1.57 while it is 3.45 for SWVM and

substantially higher for the SWCR, SW and HMLVM . In the case of the set of 29 currencies,

the ‖MDD‖/Mean of the MV and the SWVM are both 2.15 while it is substantially larger

for the other three strategies.

In summary, the spread weighted and volatility managed carry trade strategies have a

significantly lower Sharpe ratio and a larger downside risk than the MV . Thus, a proper

mean-variance optimization is more beneficial than simply adjusting for forward discount

spreads or managing the volatility.

3.3 Decomposing the MV : Estimation Errors and Market Timing

In the third panel of Tables 1 and 2 we compare the MV to the MVρ, MVCR, MVFull,

MVShrink and MVAveRet. This helps us to understand the value of our approach to address
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estimation errors and the benefit of the market timing.

3.3.1 Estimation Errors

The MVρ ignores the information of the correlation matrix but on the upside reduces es-

timation errors because we have to estimate fewer parameters. Which effect dominates is

an empirical question. We find that ignoring the correlation matrix slightly decreases the

Sharpe ratio and hardly affects the downside risk. The Sharpe ratio of the MVρ is 1.11 in

the set of 15 currencies and 1.01 in the set of 29 currencies. The difference of 0.1 and 0.15

in the Sharpe ratio compared to the MV is economically meaningful but not statistically

significant. The MDD of the MVρ is only marginally worse than the MDD of the MV .

Overall, there is no benefit (and if anything a loss) in avoiding estimation errors by imposing

a zero correlation between all securities.

Next, we investigate the importance of the PCA and our proxy for conditional expected

returns to overcome estimation errors. First, we compare the MV to the MVFull. This

comparison informs us about the benefit of the PCA to address estimation errors in the

covariance matrix. The Sharpe ratio of the MVFull is 1.07 for the set of 15 currencies and

1.06 for the set of 29 currencies. This is 0.14 and 0.10 lower than the Sharpe ratio of the MV .

The difference is economically meaningful but not statistically significant. The skewness of

the MVFull is negative and the ‖MDD‖/Mean is 2.67 and 2.62 for the sets of 15 and 29

currencies, which is less desirable than the positive skewness and the ‖MDD‖/Mean of 1.57

and 2.15 of the MV . Hence, the PCA increases the Sharpe ratio (though by a statistically

insignificant amount) and helps to reduce crash risks.

Second, we analyze the performance of the MVShrink. This informs us whether there is

anything special about the PCA approach to mitigate estimation errors in the covariance

matrix or whether alternative methods such as shrinkage yield similar results. The MVShrink

and the MV have almost identical Sharpe ratios. The Sharpe ratio of the MVShrink is 1.23

for the set of 15 currencies and 1.21 for the set of 29 currencies. This is 0.02 and 0.06 higher
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than the Sharpe ratio of the MV . The difference is small and not statistically significant.

In contrast, the downside risk of the MVShrink is larger than for the MV . The skewness

is negative and the ‖MDD‖/Mean are 3.32 and 2.83 for the sets of 15 and 29 currencies.

This is substantially worse than the MV ’s ‖MDD‖/Mean of 1.57 and 2.15. Therefore, while

the out-of-sample Sharpe ratio is not significantly different whether we use the PCA or

the shrinkage approach, the downside risk is less severe when we use the PCA approach to

address estimation errors in the covariance matrix.

Third, we compare the MV to the MVAveRet. This informs us about the importance to

use forward discounts as a proxy for conditional expected excess returns instead of historical

average returns. The Sharpe ratio of the MVAveRet is 0.49 and 0.68 for the set of 15 and 29

currencies. This is significantly lower than the Sharpe ratio of the MV . In addition, the

crash risk of the MVAveRet is substantially larger than that of the MV . The ‖MDD‖/Mean

of the MVAveRet is 5.99 and 3.83 for the sets of 15 and 29 currencies, which compares to

1.57 and 2.15 for the MV . Thus, using the forward discounts instead of historical average

excess returns to proxy for the conditional expected excess returns significantly improves the

out-of-sample performance.

We conclude that a mean-variance optimization in FX markets is profitable and earns

a high Sharpe ratio with limited downside risk. Using forward discounts as a proxy for

the conditional expected excess returns is crucial to earn a high Sharpe ratio. The PCA

approach to address estimation errors in the covariance matrix is also important to increase

the Sharpe ratio and significantly decreases the downside risk.

3.3.2 Market Timing

To investigate the benefit of the MV ’s market timing, we compare it to the MVCR. Recall

that the MVCR is a mean-variance optimized strategy but its portfolio weights are rescaled

to keep the notional value constant through time and thus it does not time the market.
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Ackermann et al. (2016) and Daniel et al. (2017) analyze this strategy.8 In contrast, the MV

increases (decreases) its notional value when the absolute size of the conditional expected

returns (or forward discounts) is large (small) relative to the covariances. The portfolio

weights of the two strategies are proportional at every time t and the conditional return

distributions are proportional, which implies that the conditional Sharpe ratios are identical.

The market timing affects the unconditional distribution and Sharpe ratio. Intuitively, we

expect the unconditional Sharpe ratio of the MV is higher than the one of the MVCR because

it invests more (less) aggressively when the conditional risk-return trade-off is more (less)

favorable. In the following we provide empirical evidence and introduce a parsimonious two-

period portfolio optimization model to explain why that the MV earns a larger unconditional

Sharpe ratio than the MVCR.

Empirical Evidence for Market Timing

We provide evidence in two ways. First, we document that the notional value
∑
i ‖θMV

i,t ‖ of

the MV in month t forecasts a measure of the conditional Sharpe ratio of mean-variance

efficient portfolios in month t + 1. This is a necessary condition for the MV to potentially

outperform the MVCR due to its ability to time the market. We run predictive regressions of

the realized Sharpe ratio (proxied by the ratio of the realized return to the realized volatility)

of the MVCR in month t + 1 on the notional value
∑
i ‖θMV

i,t ‖ of the MV in month t. We

estimate the realized volatility of the MVCR in month t + 1 using the daily returns within

month t + 1. The regression coefficient is positive and significant (with a p-value less than

1%) and the predictive regression R2 is 8.8% in the set of 15 and 6.8% in the set of 29

currencies (first and fourth columns in Table 3). This is evidence that the MV invests more

(less) aggressively when the conditional Sharpe ratio of mean-variance optimized portfolios

8Ackermann et al. (2016) and Daniel et al. (2017) use slightly different sets of currencies than our sets
of 15 and 29 currencies. However, the out-of-sample performance of MVCR using our sets of currencies
is comparable to the performances reported in these two papers. We do not compare the performance of
the MV to the performances reported in Ackermann et al. (2016) and Daniel et al. (2017) because such
a comparison would not correct for the fact that these papers use different sets of currencies. Instead, we
compare the MV directly to the MVCR using the same sets of currencies.
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is high (low) in the subsequent month. We also run predictive regressions separately for

future realized returns and realized volatility of the MVCR and find that the notional value

of the MV has predictive power for both quantities. The results are in columns 2-3 and 5-6

in Table 3. It is important that we can forecast the first and the second moments. This sets

the market timing of the MV apart from volatility managed portfolios, which only focus on

the second moment (Moreira and Muir, 2017).

Table 3: Predictive Regressions

15 Currencies 29 Currencies
SRMVCR MVCR V ol (MVCR) SRMVCR MVCR V ol (MVCR)

∑
i ‖θi,US,t‖ 16.576∗∗∗ 0.192∗∗∗ -0.209∗∗∗ 11.154∗∗∗ 0.156∗∗∗ -0.214∗∗∗

(t-statistics) (5.66) (3.89) (-9.15) (5.18) (3.81) (-7.40)

R2 (in %) 8.78 3.10 23.32 6.75 2.65 23.33

Notes: 1-month ahead predictive regressions: Yt, t+ 1 = cconst + ctrendt + c
∑
i ‖θi,US,t‖ +

εt. Yt,t+1: realized Sharpe ratio (SRMVCR), realized return (MVCR) and realized volatility

(V ol (MVCR)) of strategy MVCR. cconst is a constant term, ctrendt controls for any time-series

trend in Yt,t+1, c is the slope coefficient associated with the predictor
∑
i ‖θi,US,t‖. The first 3

columns present results for our set of 15 developed currencies and the last 3 columns results

for our set of 29 developed and emerging currencies from January 1977 to February 2016. The

first row presents the coefficient estimates c, the second row the corresponding t-statistics,

and the last row the regression fit (R2 in %). Significance of predictor at the 1%, 5% or 10%

level are indicated by ∗∗∗, ∗∗ or ∗, where standard errors are calculated using Newey and West

(1987) to account for heteroskedasticity and auto-correlation.

Second, we compare the out-of-sample performance of the MV and the MVCR. The

difference is due to the market timing of the MV since the two strategies are identical except

for the time-series of the notional value. Indeed, we find that the unconditional Sharpe ratio

of the MVCR is 0.72 in the set of 15 currencies and 0.79 in the set of 29 currencies, which

is 0.49 and 0.37 less than the Sharpe ratio of the MV (Tables 1 and 2). The difference is

statistically significant. In addition, the crash risk of the MVCR is substantially larger than

the crash risk of the MV . First, the skewness of the MVCR is negative, while the skewness

of the MV is positive. Second, the ‖MDD‖/Mean is 8.68 and 5.30 for the sets of 15 and
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29 currencies, which compares to much smaller values of 1.57 and 2.15 for the MV . The

substantial outperformance of the MV over the MVCR demonstrates the importance of the

market timing. The literature has shown that the MVCR is a profitable trading strategy with

a favorable out-of-sample performance (Ackermann et al., 2016; Daniel et al., 2017). Since

the MV significantly outperforms the MVCR both in terms of its Sharpe ratio and downside

risk, our finding makes a significant step forward.

To sum up, the market timing of the MV is empirically important (i.e., increasing (de-

creasing) the notional value and investing more (less) aggressively when the risk-return

trade-off is more (less) favorable). It significantly increases the unconditional Sharpe ratio,

changes the skewness of the return distribution from negative to positive, and reduces the

downside risk of a mean-variance optimized portfolio.

Two-Period Model

In addition to the empirical results we present a parsimonious two-period model and show

that the unconditional Sharpe ratio increases when we dynamically adjust the risk exposure

in response to changes in the conditional Sharpe ratio compared to an investment with

constant notional value. Since the MV and MVCR are proportional conditional at time t,

it suffices to consider only one risky and one risk-free security. The risk-free return does

not matter in our analysis (because the Sharpe ratio concerns excess returns) and we do not

specify its process. The excess return of the risky security from time t to t + 1, denoted

by CTt+1, is understood as the excess return of the conditionally mean-variance efficient

portfolio MVCR. The excess return of MV is CTt+1 multiplied by the MV ’s notional value

(at time t) NVt.

We assume there are three dates, t ∈ {1, 2, 3}. For the risky excess return CTt+1 we

assume that it is normally distributed, CTt+1 = µt + σzt+1, with zt+1 ∼ N (0, 1) ∀t ∈ {1, 2}

and z2, z3 are independent. The volatility σ is constant and changes in the conditional Sharpe

ratio µt
σ

are only due to changes in the expected excess return µt in our model. First, this
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keeps the model simple and tractable. Second, in comparison to volatility managed portfolios

(as suggested for instance by Moreira and Muir (2017)), one of the main innovations of the

MV ’s market timing is the use of information about conditional expected returns. Thus,

we focus on this dimension of market timing in our model. Note that a volatility managed

portfolio has a constant notional value and is identical to MVCR in our model because

volatility is assumed to be constant.

µ1 is known at t = 1. µ2 is realized at t = 2 and we assume it is normally distributed,

µ2 = µµ + σµh with h ∼ N (0, 1) and h is independent of z2, z3. The (unconditional) two-

period Sharpe ratio of MVCR is

SRCR = E[CT2+CT3]√
V ar[CT2+CT3]

= µ1+µµ√
2σ2+σ2

µ

.

Similarly, the unconditional Sharpe ratio of MV with notional value NVt = µt
σ2 is

SR = E[NV1CT2+NV2CT3]√
V ar[NV1CT2+NV2CT3]

=
µ21+µ2µ+σ2

µ…
σ2

(
µ21+4µ2µ

σ2µ

σ2
+
σ4µ

σ2
+µ2µ+σ2

µ

) .

Proposition 1 The MV ’s market timing increases the two-period Sharpe ratio, i.e., SR >

SRCR if ‖µ1 − µµ‖ >
…

max
{
−B+

√
B2−4AC
2A

, 0
}
with

A =
1

2
σ2 +

1

4
σ2
µ > 0

B =

Ç
1

2
σ2 +

1

2
σ2
µ

å
(µ1 + µµ)2 + σ2

µ

Ä
2σ2 + σ2

µ

ä
> 0

C =

Ç
1

4
(µ1 + µµ)2 + σ2 −

Ä
4µ2

µ + σ2
µ

äå
σ2
µ (µ1 + µµ)2 + σ4

µ

Ä
2σ2 + σ2

µ

ä
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Proof. See Appendix B.

Proposition 1 requires the difference between µ1 and µµ to be large enough so that SR >

SRCR. Clearly, we need µt
σ2 to vary sufficiently so that the notional value and market timing

of the MV is different from the MVCR. Consider the case when µ1 � µµ. For the following

intuition it is useful to re-write the Sharpe ratio of the MV as SR = E[CT2+∆NV CT3]√
V ar[CT2+∆NV CT3]

where

27



∆NV = NV2
NV1

measures how aggressive the MV invests in the risky portfolio in the second

period relative to the first period. µ1 � µµ implies that ∆NV is small, and ∆NV → 0

if µµ
µ1
→ 0. The numerators E [CT2 + CT3] and E [CT2 + ∆NV CT3] in SRCR and SR are

dominated by µ1 and they converge in the extreme case when µµ
µ1
→ 0 (and ∆NV → 0). In

contrast, the denominator
»
V ar [CT2 + CT3] of SRCR is independent of µ1 and µµ, while

the denominator
»
V ar [CT2 + ∆NV CT3] of SR is decreasing in ∆NV and converges to»

V ar [CT2] in the extreme case when µµ
µ1
→ 0 (and ∆NV → 0). Therefore, in the case when

µ1 − µµ is sufficiently large, then the MV ’s market timing increases the two-period Sharpe

ratio and SR > SRCR. A symmetric argument applies to the case when µ1 � µµ and we

re-writing SR =
E[∆NV −1CT2+CT3]√

V ar[∆NV −1CT2+∆NV CT3]
.

Empirically, the condition is satisfied, i.e., ‖µ1 − µµ‖ is large. We use forward discounts

as proxies for conditional expected excess returns and define the conditional expected ex-

cess return of MVCR at time t by µCR,t =
∑
i fdi,tθ

MVCR
i,t . The estimated average absolute

deviation of the conditional expected excess returns from its mean, E [‖µCR,t − E [µCR,t] ‖],

is 3.6% for the set of 15 developed currencies and 3.5% for the set of 29 currencies. This

corresponds to ‖µ1 − µµ‖ = 7% in our two-period model. The averages µCR,t are 8% and

10.8% for the sets of 15 and 29 currencies. Thus, we set the average between µ1 and µµ equal

to 9% in the model. The standard deviations of µCR,t are 1.4% and 1.3% for the sets of 15

and 29 currencies, and we set σµ = 1.35% in the model. Finally, the standard deviations

of the return of MVCR are 8.9% and 9.1% for the sets of 15 and 29 currencies, and we set

σ = 9% in the model. For these model parameters we get a Sharpe ratio for MVCR of

SRCR = 1.41, while the Sharpe ratio of MV is SR = 1.47 when µ1 = 5.5% < µµ = 12.5%

and SR = 1.51 when µ1 = 12.5% > µµ = 5.5%. Therefore, our numerical illustration con-

firms that the unconditional Sharpe ratio is higher when we time the market and invest more

(less) aggressively when the return-risk trade-off is more (less) favorable.

Figure 2 visualizes the Sharpe ratios SR (black solid line) and SRCR (red dashed line)

for µ1+µµ
2

= 9%, σµ = 1.35%, σ = 9% and values of µ1 − µµ ranging from −10% to 10%. As

aforementioned we require a large enough difference between µ1 and µµ so that the MV ’s
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Sharpe ratio of MV vs MVCR

Figure 2: Two-period Sharpe ratio of MV (solid black line) vs MVCR (dotted red line) for
µ1+µµ

2
= 9%, σµ = 1.35%, σ = 9% and µ1 − µµ ∈ [−10%, 10%].

market timing becomes beneficial and the two-period Sharpe ratio SR is higher than SRCR.

Moreover, we observe that if µ1 < µµ, then we need µµ to be at least 3.5% higher than µ1

for SR > SRCR. In contrast, in the case of µ1 > µµ, we only need µ1 to be 2% higher

than µµ for SR > SRCR. In other words, keeping ‖µ1 − µµ‖ fixed, SR is higher if µ1 > µµ.

The asymmetry is due to the fact that the volatility of CT3 is higher than the volatility

of CT2 because of the volatility of µ2 (i.e., σµ). Keeping ‖µ1 − µµ‖ fixed, if µ1 < µµ and

NV1 < NV2, then the MV is more volatility than under the opposite scenario with µ1 > µµ

and NV1 > NV2, because V ar (CT2) < V ar (CT3). However, keeping ‖µ1−µµ‖ fixed implies

that the expected excess return of the MV is the same in both scenarios, i.e., independent

of µ1 < µµ and NV1 < NV2 or µ1 > µµ and NV1 > NV2. Therefore, the Sharpe ratio of

the MV is lower (and a larger difference between µ1 and µµ is required for SR > SRCR) if

µ1 < µµ and NV1 < NV2 compared to the scenario with µ1 > µµ and NV1 > NV2.
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3.4 Robustness

We document a similar outperformance of the MV after transaction costs and in several

subsamples. Tables 8 to 11 in the Appendix report results for returns after transaction

costs. Transaction costs are sizable for the MV . The Sharpe ratios of the MV after costs

(without roll over fees) are 0.92 for the set of 15 and 0.82 for the set of 29 currencies.

The corresponding Sharpe ratios after full round trip fees are 0.60 and 0.47. Recall that full

round trip costs are considered too conservative and substantially higher than what currency

traders pay in practice. This is because roll over fees are negligible. The outperformance

of the MV over popular trading strategies remains economically significant. We notice,

however, that the MVρ has a larger (but not statistically significantly larger) Sharpe ratio

and a lower downside risk than the MV . Thus, there is evidence that ignoring correlations

may be beneficial when we look at the performance after transaction costs.

We further investigate the performance in diverse subsamples. First, we split our sample

into NBER recession and non-NBER recession subsamples. The following time periods,

which span 56 months, are NBER recessions between 1977 and 2016: February 1980 to July

1980, August 1981 to November 1982, August 1990 to March 1991, May 2001 to November

2001, and January 2008 to June 2009. Note that it is impossible to trade a strategy only

during or outside of NBER recessions because ex-ante we do not perfectly predict the start

and end date of a recession. However, it is still interesting to investigate whether most of

the outperformance of the MV was realized during or outside of NBER recessions. Tables

12 and 13 condition on non-NBER recession periods. The results and our conclusion are the

same as in the full sample. The Sharpe ratios of the MV are 1.27 and 1.26 in the set of 15

and 29 currencies, i.e., only slightly higher than the Sharpe ratios in the full sample.

More interestingly, Tables 14 and 15 report the results when we condition on NBER

recessions. We observe that the MV , MVFull, MVShrink and V AL are the only strategies that

perform reasonably well (Sharpe ratio of 0.78 and more for the set of 15 and 0.46 and more

for the set of 29 currencies) during recessions. All other strategies perform poorly with either
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negative average excess returns or a Sharpe ratio close to zero. Unfortunately, we have only

56 monthly observations during NBER recessions, which means that our statistical tests

(to compare Sharpe ratios) have lower power. The outperformance of the MV over the

MSRρ suggests that estimating the correlation matrix of exchange rate growths adds value

to the portfolio construction in bad times. This is consistent with the common belief that

correlations increase in bad times, and thus, ignoring correlations is costly. Finally, given

the sizable outperformance of the MV over the MVCR during recessions, we conclude that

the market timing ability of the MV is particularly valuable in bad times. In bad times

market prices are arguably more volatile and timing the market is important to earn a high

unconditional Sharpe ratio.

Next, we split the sample into pre- and post-Euro introduction subsamples (Tables 16 to

19), because trading strategies may be affected by the introduction of the Euro. For instance,

if a strategy has earned large profits trading European currencies against each other, the

introduction of the Euro would eliminate much of these profits since many European countries

have joined the currency union. The introduction of the Euro may also have non-trivial

implications on the global FX markets in equilibrium, which may substantially affect carry

trade profits. All strategies but the V AL earn a higher Sharpe ratio in the pre-Euro era

than in the era since the introduction of the Euro. The Sharpe ratios of the MV are 1.43

and 1.25 in the pre-Euro era and 0.88 and 1.02 in the post-Euro introduction sample for

the set of 15 and 29 currencies. We confirm the superior performance of the MV over the

competing strategies in both pre- and post-Euro introduction era, though the outperformance

is generally more significant in the pre-Euro sample. Overall, the MV seems to be quite

stable across the two subsamples while some of the other strategies are not. The difference in

Sharpe ratios ∆SR is often not statistically significant even though it is economically large.

The reason is likely due to the small sample size, i.e., each subsample is only half as large

as the entire sample.

Tables 20 and 21 check the robustness in the subsample after November 1983. The data

before 1983 (exchange rates quoted against the GBP) is less reliable and has some outliers.

31



We find no difference in the results if we either include or exclude the early time period

before 1983.

Finally, Tables 22 and 23 check the robustness if we exclude the Danish Krone from our

sample. Our conclusions do not change. Ackermann et al. (2016) raise the concern that

the Danish Krone is closely following the Euro but interest rates slightly differ. This may

give rise to a situation of an almost perfect hedge with the opportunity to exploit the small

interest rate differential, or in other words a near arbitrage. Such a setting can cause extreme

portfolio allocations, i.e., large long and short positions. Because we use PCA and remove

PCs, which explain little variation in exchange rates, to make our estimated covariance

matrix more robust, our strategy avoids this problem and does not aggressively invest in

(Danish Krone-Euro) pair trades. First, we verify this in our analysis of the notional value

of the MV . Second, the results in Tables 22 and 23 suggest that our conclusions are the

same whether we use our benchmark set of 15 or 29 currencies or whether we exclude the

Danish Krone and work with 14 or 28 currencies.

3.5 Abnormal Returns of the MV

In this Section we show that the excess returns earned by the MV are not explained by

popular pricing factors. This informs us that the MV does not simply combine and load on

known priced risks. The documented abnormal returns are with respect to a specific pricing

model and we do not take a stance whether the pricing model is correct. Our purpose is

to demonstrate that the MV earns average returns beyond the returns earned by trading

well-known pricing factors.

The literature has introduced and discussed many possible pricing factors. First, we

use the trading strategies DOL, HML, DDOL, MOM , V AL, SW , HMLVM and SWVM

as factors. The DOL-HML factor pricing model is arguably the most well-known in the

international asset pricing literature (Lustig et al., 2011; Verdelhan, 2018; Lustig et al., 2014).

We also construct factors, which capture volatility, illiquidity and downside risks. Menkhoff
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et al. (2012a) show that the HML is closely related to the V OL, which captures unexpected

changes in global FX volatility. Following Menkhoff et al. (2012a) we estimate global FX

market volatility at the end of month t,

÷V OLt =
1

Tt ×N

Tt∑
τ=1

N∑
I=1

|∆xd,i,τ | ,

where ∆xd,i,τ is the daily exchange rate growth of currency i against the USD on day τ in

montht, Tt is the number of trading days in month t. The measure uses absolute instead of

squared returns so that outliers are less accentuated. The V OL index is the time series of

residuals after estimating an AR(1) process for the ÷V OLt, and thus, captures unexpected

changes in the volatility, ÷V OLt = ρv÷V OLt−1 + V OLt.

We further follow Karnaukh et al. (2015) to construct a monthly systematic FX illiquidity

measure ’ILL as the average of standardized daily relative bid-ask spreads and standardized

two-day Corwin and Schultz (2012) estimates within a month and across all currencies. Our

data is not identical to Karnaukh et al. (2015). There is a difference in the set of currencies,

the daily recording time of the bid-ask spreads and our data covers the sample 1976-2016

while theirs covers 1991-2016. The correlation between our measure and theirs is 57% for the

monthly data from 1991 to 2016. Similar to the construction of the volatility factor V OL,

we fit an AR(1) model to the ’ILL and use the residuals ILL as a proxy for unexpected

changes in the illiquidity, ’ILLt = ρILL’ILLt−1 + ILLt.

Following Rafferty (2012) we construct the SKEW , which captures the average skewness

of exchange rate growths of investment (i.e., positive forward discount) net of funding (i.e.,

negative forward discount) currencies, SKEWt = 1
N

∑
i sign(fdi,t−1)

1
Tt

∑Tt
τ (∆xd,i,τ−∆xd,i,τ)

3Ä
1
Tt

∑Tt
τ (∆xd,i,τ−∆xd,i,τ)

2
ä 3

2
,

where ∆xd,i,τ is the daily exchange rate growth of currency i against the USD on day τ in

month t, ∆xd,i,τ = 1
Tt

∑Tt
h=1 ∆xd,i,h is the sample average of the daily exchange rate growth

∆xd,i,τ in month t, and Tt is the number of trading days in month t.

Finally, we use two stock market factors: the value weighted US stock market index

MKT and the intermediary capital risk factor INT of He et al. (2017).
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For traded factors (i.e.,DOL, HML, DDOL, MOM , V AL, SW , HMLVM , SWVM ,

MKT and INT ) we can estimate the risk premia in two ways, either (i) as the time-series

average of the factor returns or (ii) as the implied premia in the cross-sectional pricing

equation. For factors which are not traded (i.e., the V OL, ILL and SKEW ), we have to

estimate their risk premia in the cross-sectional pricing equation. We estimate the linear

factor pricing model E [Rt] = βγ, where Rt is the N × 1 vector of excess returns at time t

of N test assets, N ×K matrix β are the loadings of the N test assets on K pricing factors

(element (i, k) is test asset i’s loading on factor k), K × 1 vector γ are the market prices or

risk premia of the K factors, and E[x] is the mean of variable x. We estimate the model

using the general method of moments (GMM) (Cochrane, 2005; Shanken and Zhou, 2007).

We use the following (2 +K)N moment conditions,

g(b) =

â
E


Ö

1

Ft

è
⊗ (Rt − α− βFt)


E [Rt − βγ]

ì
=

Ö
0{(1+K)N×1}

0{N×1}

è
to estimate the (1 +K)N +K parameters b = [α′, vec(β)′, γ′]′. ⊗ is the Kronecker product.

Ft is the K×1 vector of the K factor realizations at time t. N ×1 vector α are N constants.

vec(β) is an NK×1 vector of all elements in the factor loadings matrix β. 1{N×1} is an N×1

vector of 1 and 0{Z×1} is an Z×1 vector of 0. We take into account cross- and autocorrelations

and heteroskedasticity following Newey and West (1987) when constructing the covariance

matrix of the parameter estimates. Details about the estimation are in Appendix A.

The first (1 + K)N moment conditions represent time-series equations and essentially

are N separate linear time-series regressions of the N test assets on a constant and the K

factors. We estimate the factor loadings β in these regressions. Moreover, if all factors are

traded portfolios, then α can be interpreted as the abnormal return of the test assets in

the time-series equations. We report the time-series abnormal returns αMV and the factor

loadings βMV,i of the MV in Tables 4 to 7 in the second to the second to last rows. Note that

we insert “NA” for αMV if the model has factors which are not traded portfolios. The last
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row provides the fit of the time-series regression (R2) and tells us how well the factors explain

the time-series variation of the MV ’s returns. The last N moment conditions represent a

cross-sectional regression of average returns of the N test assets on the factor loadings β to

estimate the implied risk premia γ of the K factors. The abnormal returns of the N test

assets in the cross-sectional pricing equation are α∗ = E[MVt] − βγ. αMV = α∗MV if the

risk premia estimated in the cross-sectional pricing equation are equal to the average factor

returns, E[Fi,t] = γi. The cross-sectional abnormal returns α∗MV of the MV are reported in

the first row in Tables 4 to 7.

For the N test assets we use the 5 forward discount sorted portfolios (fdPi ∀i ∈ 1, . . . , 5),

5 momentum sorted portfolios (MomPi ∀i ∈ 1, . . . , 5), 5 value sorted portfolios (V alPi

∀i ∈ 1, . . . , 5), and all trading strategies, i.e., the MV , DDOL, SWCR, SW , HMLVM ,

SWVM , MVρ, MVCR, MVFull, MVShrink, MVAveRet.
9

We consider twelve different factor models. The MV earns high and statistically signifi-

cant abnormal returns in the time-series and cross-section (αMV and α∗MV ) ranging between

4% and 13% across all pricing model specifications and data sets of 15 and 29 currencies.

The model fit (R2) is relatively low ranging between 0% and 43%. Thus, the MV does not

just invest in a combination of well-known pricing factors but earns an additional average

return that is not spanned by well-known factors/trading strategies.

The MV has a significant and positive exposure to the carry factors SW , HMLVM ,

SWVM , and the value factor V AL, and a significant and negative exposure to the FX market

volatility factor V OL. The loadings on the other factors are not consistently significant

across the model specifications and data sets. That is, the MV ’s exposure to the DOL is in

many model specifications insignificant but in some cases it is significant and positive. The

MV ’s loading on the HML is positive and significant when we consider the DOL-HML two

factor model, but in a model that includes the SW , HMLVM and SWVM it is insignificant.

Similarly, the loading on the SKEW is significant and negative in the DOL-SKEW two

9The DOL, HML, MOM and V AL are linear combinations of the forward discount, momentum and
value sorted portfolios.
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Table 4: Alpha of MV , 15 Developed Currencies, 1977-2016

Factors MV

α∗MV (in %) 8.280∗∗∗ 9.819∗∗∗ 8.369∗∗∗ 7.612∗∗∗ 8.664∗∗∗ 6.304∗∗∗

(5.833) (5.708) (5.679) (5.206) (5.490) (4.627)

αMV (in %) 7.994∗∗∗ 9.684∗∗∗ 7.735∗∗∗ 7.212∗∗∗ 7.501∗∗∗ 5.355∗∗∗

(5.929) (5.627) (5.642) (5.411) (5.209) (4.641)

βMV,DOL 0.009 -0.009 -0.041 0.117∗∗ 0.059 0.121∗∗

(0.169) (-0.180) (-0.760) (2.430) (1.222) (2.445)

βMV,HML 0.416∗∗∗ 0.073
(7.139) (1.449)

βMV,DDOL 0.143∗∗ -0.157∗∗

(2.525) (-2.329)

βMV,MOM 0.025
(0.943)

βMV,V AL 0.126∗∗

(2.244)

βMV,SW 0.363∗∗∗ 0.248∗∗∗

(6.055) (4.863)

βMV,HMLVM 0.394∗∗∗ 0.214∗∗∗

(6.118) (3.648)

βMV,SWVM
0.234∗∗∗ 0.094∗∗

(5.553) (2.505)

R2 (in %) 21 2 18 27 17 38

Notes: Estimation of linear factor model. Time-series relationship: E[MVt] = αMV +∑
i βMV,iE[Fi,t]. Cross-sectional relationship: E[MVt] = α∗MV +

∑
i βMV,iγi. E[xt] is the time-

series average of xt, αMV the abnormal return in the time-series equation, α∗MV the abnormal

return in the cross-sectional equation, βMV,i is the factor loading of the MV on factor Fi,t, and

γi is the risk premium (estimated in the cross-section) of factor Fi,t. The reported αMV and

α∗MV are annualized. R2 measures the fit of the time-series relationship. The data is our set of

15 developed currencies from January 1977 to February 2016. Newey and West (1987) robust

t-statistics are reported in parentheses below coefficient estimates. Significance at the 1%, 5% or

10% level are indicated by ∗∗∗,∗∗ or ∗.

36



Table 5: Alpha of MV , 15 Currencies, 1977-2016

Factors MV

α∗MV (in %) 9.231∗∗∗ 7.846∗∗∗ 10.106∗∗∗ 6.008∗∗∗ 10.137∗∗∗ 4.152∗∗∗

(5.909) (5.350) (5.859) (4.891) (5.877) (3.106)

αMV (in %) NA NA NA NA 10.364∗∗∗ NA
NA NA NA NA (6.186) NA

βMV,DOL 0.020 0.032 0.034 0.114∗∗ 0.137∗∗

(0.351) (0.566) (0.589) (2.406) (2.873)

βMV,HML 0.052 0.081
(0.934) (1.408)

βMV,DDOL -0.153∗∗ -0.161∗∗

(-2.285) (-2.391)

βMV,MOM 0.021 0.019
(0.752) (0.658)

βMV,V AL 0.131∗∗ 0.141∗∗

(2.242) (2.470)

βMV,SW 0.251∗∗∗ 0.242∗∗∗

(4.958) (4.713)

βMV,HMLVM 0.213∗∗∗ 0.209∗∗∗

(3.599) (3.389)

βMV,SWVM
0.093∗∗ 0.094∗∗

(2.503) (2.560)

βMV,V OL -0.141∗∗∗ -0.070∗ -0.078∗

(-3.275) (-1.854) (-2.096)

βMV,SKEW -0.127∗∗∗ -0.026 -0.026
(-3.717) (-0.661) (-0.655)

βMV,ILL -0.040 0.038 0.028
(-0.802) (0.993) (0.751)

βMV,MKT -0.020 -0.068∗

(-0.496) (-1.890)

βMV,INT 0.017 0.002
(0.704) (0.091)

R2 (in %) 3 2 0 39 0 40

Continued on next page
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Table 5 – continued from previous page

Notes: Estimation of linear factor model. Time-series relationship: E[MVt] = αMV +∑
i βMV,iE[Fi,t]. Cross-sectional relationship: E[MVt] = α∗MV +

∑
i βMV,iγi. E[xt] is the time-

series average of xt, αMV the abnormal return in the time-series equation, α∗MV the abnormal

return in the cross-sectional equation, βMV,i is the factor loading of the MV on factor Fi,t, and

γi is the risk premium (estimated in the cross-section) of factor Fi,t. The reported αMV and

α∗MV are annualized. R2 measures the fit of the time-series relationship. The data is our set of

15 developed currencies from January 1977 to February 2016. Newey and West (1987) robust

t-statistics are reported in parentheses below coefficient estimates. Significance at the 1%, 5% or

10% level are indicated by ∗∗∗,∗∗ or ∗.
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Table 6: Alpha of MV , 29 Developed Currencies, 1977-2016

Factors MV

α∗MV (in %) 10.014∗∗∗ 13.070∗∗∗ 11.276∗∗∗ 9.013∗∗∗ 11.467∗∗∗ 8.427∗∗∗

(5.365) (5.985) (5.610) (4.690) (5.631) (4.775)

αMV (in %) 9.280∗∗∗ 12.657∗∗∗ 9.859∗∗∗ 8.309∗∗∗ 8.794∗∗∗ 6.354∗∗∗

(5.105) (5.791) (5.149) (4.501) (4.747) (4.072)

βMV,DOL 0.101 0.089 -0.181∗ 0.245∗∗∗ 0.072 0.102
(1.497) (1.141) (-1.854) (4.390) (1.052) (1.379)

βMV,HML 0.792∗∗∗ 0.224∗

(8.668) (2.011)

βMV,DDOL 0.159∗∗ -0.117
(2.105) (-1.154)

βMV,MOM -0.003
(-0.078)

βMV,V AL 0.276∗∗∗

(3.064)

βMV,SW 0.357∗∗∗ 0.122∗∗

(5.717) (2.248)

βMV,HMLVM 0.491∗∗∗ 0.203∗∗

(7.895) (2.770)

βMV,SWVM
0.305∗∗∗ 0.151∗∗∗

(4.979) (2.928)

R2 (in %) 29 3 19 30 22 41

Notes: Estimation of linear factor model. Time-series relationship: E[MVt] = αMV +∑
i βMV,iE[Fi,t]. Cross-sectional relationship: E[MVt] = α∗MV +

∑
i βMV,iγi. E[xt] is the time-

series average of xt, αMV the abnormal return in the time-series equation, α∗MV the abnormal

return in the cross-sectional equation, βMV,i is the factor loading of the MV on factor Fi,t, and γi
is the risk premium (estimated in the cross-section) of factor Fi,t. The reported αMV and α∗MV

are annualized. R2 measures the fit of the time-series relationship. The data is our set of 29

developed and emerging currencies from January 1977 to February 2016. Newey and West (1987)

robust t-statistics are reported in parentheses below coefficient estimates. Significance at the 1%,

5% or 10% level are indicated by ∗∗∗,∗∗ or ∗.
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Table 7: Alpha of MV , 29 Currencies, 1977-2016

Factors MV

α∗MV (in %) 10.864∗∗∗ 12.211∗∗∗ 12.753∗∗∗ 5.390∗∗ 13.273∗∗∗ 4.560∗∗

(4.871) (5.897) (5.714) (2.964) (6.224) (2.350)

αMV (in %) NA NA NA NA 12.561∗∗∗ NA
NA NA NA NA (5.547) NA

βMV,DOL 0.126∗ 0.148∗∗ 0.160∗∗ 0.077 0.084
(1.847) (2.109) (2.349) (1.071) (1.173)

βMV,HML 0.200∗ 0.208∗

(1.792) (1.848)

βMV,DDOL -0.109 -0.108
(-1.064) (-1.050)

βMV,MOM -0.003 -0.002
(-0.084) (-0.075)

βMV,V AL 0.290∗∗∗ 0.307∗∗∗

(3.227) (3.457)

βMV,SW 0.126∗∗ 0.127∗∗

(2.286) (2.348)

βMV,HMLVM 0.200∗∗ 0.201∗∗

(2.722) (2.783)

βMV,SWVM
0.150∗∗ 0.147∗∗

(2.916) (2.887)

βMV,V OL -0.209∗∗∗ -0.118∗∗ -0.121∗∗

(-4.008) (-2.516) (-2.637)

βMV,SKEW -0.131∗∗∗ -0.041 -0.042
(-2.809) (-0.930) (-0.956)

βMV,ILL -0.079∗ 0.102∗∗ 0.101∗∗

(-1.749) (2.575) (2.527)

βMV,MKT 0.058 0.005
(1.117) (0.091)

βMV,INT 0.035 -0.024
(0.915) (-0.620)

R2 (in %) 5 3 2 42 2 43

Continued on next page
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Table 7 – continued from previous page

Notes: Estimation of linear factor model. Time-series relationship: E[MVt] = αMV +∑
i βMV,iE[Fi,t]. Cross-sectional relationship: E[MVt] = α∗MV +

∑
i βMV,iγi. E[xt] is the time-

series average of xt, αMV the abnormal return in the time-series equation, α∗MV the abnormal

return in the cross-sectional equation, βMV,i is the factor loading of the MV on factor Fi,t, and γi
is the risk premium (estimated in the cross-section) of factor Fi,t. The reported αMV and α∗MV

are annualized. R2 measures the fit of the time-series relationship. The data is our set of 29

developed and emerging currencies from January 1977 to February 2016. Newey and West (1987)

robust t-statistics are reported in parentheses below coefficient estimates. Significance at the 1%,

5% or 10% level are indicated by ∗∗∗,∗∗ or ∗.

factor model, but it is insignificant in a model that includes more factors. The loading on

the DDOL is significant and positive in the DOL-DDOL model, but it is negative in models

that include the SW , HMLVM and SWVM and only significant in the set of 15 developed

currencies. The MV has no significant exposure to the MOM , and the exposure to the ILL

is only significant in the set of 29 currencies. Finally, the MV does not appear to load on

the US stock market MKT or the financial intermediary factor INT .

To conclude, the MV has some exposure to the V AL, SW , HMLVM , SWVM and V OL.

However, independent of the model specification and the set of currencies, the MV always

earns statistically significant and economically high abnormal returns. This suggests that

the MV does not simply invest in a combination of well-known FX market factors but earns

an additional average return.

3.6 Implementability of the MV

The MV changes its portfolio weights and its notional value per USD in response to changes

in the conditional expected excess returns and the covariance matrix. This market timing

feature of the MV is important to earn a high Sharpe ratio and reduce the downside risk. A

potential concern is that it is difficult to implement theMV in practice because it may require

a lot of trading during periods of low liquidity. We address this concern and investigate the

time-series of the portfolio weights, the notional value and the turnover of the MV .

First we analyze the unconditional moments of the portfolio weights θMV
t (see Table 24
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in the Appendix). The average portfolio weights are related to the average forward discount

but the relationship is far from perfect. Unlike the HML the portfolio composition of the

MV is not equally weighted and portfolio weights vary through time. The portfolio weights

fluctuate from as low as -300% up to 458%. The skewness of the unconditional distribution of

portfolio weights is predominantly positive (negative) for currencies with positive (negative)

average forward discounts. That is, weights take more extreme positive (negative) values

for currencies with large (small) average forward discounts. The time-series variation in

the portfolio weights is captured by the unconditional standard deviation. There is no

clear relationship between the unconditional standard deviation in the portfolio weights and

forward discounts.

Figure 3 shows the time-series of the notional value
∑
i ‖θMV

i,t ‖ and the turnover
∑
i ‖θMV

i,t −

θMV
i,t−1‖ of the MV . The solid black and dotted red lines refer to the MV constructed from

15 developed and 29 developed and emerging currencies. Grey shaded areas indicate NBER

recessions. Recall that by construction the notional value per USD has a ceiling at 10

to ensure that margin requirements are met. Both the notional value and the turnover

have a substantial time-series variation and are decreasing over time. The decline is due

to the decrease in the absolute size of the forward discounts (in the developed currencies).

Interestingly, both the notional value and the turnover are relatively low during NBER

recession periods. This is a desirable feature of the trading strategy because trading is

generally more expensive and liquidity is lower during recessions.

We further investigate the relationship between the notional value per USD and turnover

of the MV and the FX market illiquidity ’ILL and volatility ÷V OL measures. Figure 4

shows the time-series of the illiquidity and volatility. The solid black and dotted red lines

again refer to the set of 15 and 29 currencies. The illiquidity measure notably spikes during

four months: October 1982, April 1985, August 1992, and October 2008. Only October

2008 stands out in the time-series of the volatility. Interestingly, the notional value and

the turnover are relatively low during the four months of high illiquidity and the month of

exceptionally high volatility. The notional value and turnover are particularly low during

42



the global financial crisis in 2007-2008. We do, however, observe an increase in the notional

value and the turnover of the MV constructed from 29 developed and emerging currencies

during the Asian financial crisis and the default of Russian in 1997 and 1998 (but the FX

market illiquidity measure does not show any dramatic spikes).

Finally, the unconditional correlations between the notional value and FX market volatil-

ity and illiquidity are -42% and -27% in the case of 15 and -46% and -28% in the case of

29 currencies. The correlations between the turnover and volatility and illiquidity are -20%

and -14% for the set of 15 and -29% and -20% for the set of 29 currencies. These negative

correlations suggest that the MV does not take large positions (high notional value) and

does not trade aggressively (high turnover) during times of high volatility and illiquidity.

Therefore, we are not concerned about the implementability of the MV .

4 Conclusion

Ackermann et al. (2016) and Daniel et al. (2017) show that mean-variance optimized port-

folios earn high out-of-sample returns in FX markets. A key feature is to use forward

discounts as proxies for conditional expected excess returns in the optimization. We improve

their strategies along two dimensions and demonstrate that our improvements significantly

increase the out-of-sample Sharpe ratio and reduce the downside risk.

First, Ackermann et al. (2016) and Daniel et al. (2017) re-scale the portfolio weights to

keep the notional value constant through time. In contrast, our strategy times the market

and invests more (less) aggressively, i.e., increases (decreases) its notional value when the

risk-return trade-off is more (less) favorable. This increases the unconditional Sharpe ratio

from 0.72 to 1.21, changes the skewness of the return distribution from negative to positive,

and reduces the downside risk from 8.68% to 1.57% maximum loss per 1% expected excess

return.

Second, we address estimation errors in the conditional covariance matrix. We use PCA

and remove PCs with little explanatory power to construct a robust version of the covariance
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matrix. This increases the Sharpe ratio from 1.07 to 1.21, turns the skewness of the return

distribution from negative to positive, and the downside risk reduces from 2.67% to 1.57%

maximum loss per 1% expected excess return.

Finally, we document that our trading strategy outperforms other popular currency trad-

ing strategies and popular FX market pricing factors are not able to explain the performance

of our trading strategy. Thus, our strategy is not simply investing in a combination of well-

known currency risk factors.
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Notional Value and Turnover of the MV

Figure 3: Top Panel: Notional value per USD or total dollar amount underlying the exchange
rate forward positions per USD wealth of the MV ,

∑
i ‖θMV

i,t ‖. Bottom Panel: Sum of
absolute (monthly) changes in portfolio weights ‖∑i θ

MV
i,t − θMV

i,t−1‖. Solid black line refers to
the set of 15 and dotted red line to the set of 29 currencies. Grey shaded periods indicate
NBER recessions. 45



FX Market Illiquidity and Volatility

Figure 4: Top Panel: FX market illiquidity ’ILL. Bottom Panel: FX market volatility ÷V OL.
Solid black line refers to the set of 15 and dotted red line to the set of 29 currencies. Grey
shaded periods indicate NBER recessions.
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Appendix

A Details about the GMM Estimation

This section provides details on the estimation of our factor pricing models using GMM

(Cochrane, 2005; Shanken and Zhou, 2007). We first solve

A1gT (b̂) = 0 with A1 =

Ö
I(1+K)N 0

0 β̂′

è
,

where Ix is an identity matrix with dimension x× x and gT (b̂) = 1
T

∑T
t=1 ht(b̂) with ht(b̂) =âÖ

1

Ft

è
⊗
(
Rt − α̂− β̂Ft

)

Rt − β̂γ̂

ì
, is the sample estimate of g(b).

The closed form solution of b̂ isÖ
α̂′

β̂

è
= E


Ö

1

Ft

èÅ
1 F ′t

ã−1

E


Ö

1

Ft

è
R′t


γ̂ =

[
β̂′β̂

]−1
β̂′E [Rt] ,

with E[x] being estimated using the sample average 1
T

∑T
t=1 xt. Note that we choose A1 to

fully separate the estimate of

Ö
α

β

è
and γ. Therefore, the point estimate of b̂ is identical

to the estimate in 2-stage time-series and cross-sectional regressions (Fama and MacBeth,

1973). The covariance matrix of b̂ and gT (b̂) are estimated as follows,

Cov(b̂) =
1

T
[A1D(b̂)]−1A1S(b̂)([A1D(b̂)]−1A1)′

Cov(gT (b̂)) =
1

T
(I(2+K)N −D(b̂)[A1D(b̂)]−1A1)S(b̂)(I(2+K)N −D(b̂)[A1D(b̂)]−1A1)′,
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with the (2 +K)N × (N(1 +K) +K) matrix of partial derivatives

D(b̂) =
∂gT (b̂)

∂b̂′
=

â
−IN −E[F ′t ]⊗ IN 0

−E[ft]⊗ IN −E[Ft ⊗ F t
′]⊗ IN 0

0 −γ̂′ ⊗ IN −β̂

ì
,

and following Newey and West (1987) the (2 + K)N × (2 + K)N matrix S(b̂), which is a

consistent estimate of the covariance matrix E [g(b)g(b)′],

S(b̂) =
1

T

T∑
t=1

ht(b̂)ht(b̂)
′ +

L∑
l=1

Ç
1− l

1 + L

å
1

T − l

T∑
t=1+l

(
ht(b̂)ht−l(b̂)

′ + ht−l(b̂)ht(b̂)
′
)
,

with L = T 1/4. Note that the estimate S(b̂) takes into account cross- and auto-correlations

and heteroskedasticity.

In a second step, we solve

A2gT (ˆ̂b) = 0 with A2 =

Ö
I(1+K)N 0

0 D∗(ˆ̂b)′S∗(b̂)−1

è
,

where the N×K matrix D∗(ˆ̂b) = − ˆ̂β is the N×K lower, right sub-matrix of D(ˆ̂b), and S∗(b̂)

is the N ×N lower, right sub-matrix of S(b̂). We only adjust the weights on the set of the

N cross-sectional pricing equations using the information of the first stage error covariance

matrix S(b̂). This is the idea of sequentially efficient GMM. The alternative weighting matrix

Ã2 = D(ˆ̂b)′S(b̂)−1 is theoretically more efficient than A2, but in practice it can be difficult

to invert the matrix S(b̂) and estimation errors can lead to non-robust results. Shanken and

Zhou (2007) show that more robust estimates are obtained with sequentially efficient GMM,

i.e., estimating (α and) β in a consistent but inefficient way, and then, given the estimates

2



β̂, estimate γ using an efficient weighting matrix. The closed form solution of ˆ̂b is

ˆ̂α = α̂

ˆ̂β = β̂

ˆ̂γ = −
(
D∗(ˆ̂b)′S∗(b̂)−1D∗(ˆ̂b)

)−1
D∗(ˆ̂b)′S∗(b̂)−1E [Rt] .

Cov(ˆ̂b) and Cov(gT (ˆ̂b)) are analogous to Cov(b̂) and Cov(gT (b̂)) simply be replacing A1 by

A2 and b̂ by ˆ̂b. Cov( ˆ̂α∗), with ˆ̂α∗ = E [Rt] − ˆ̂β ˆ̂γ, is the N × N lower, right sub-matrix of

Cov(gT (ˆ̂b)).

B Two-Period Model of Unconditional Sharpe Ratio

Model Setting:

There are three dates, t ∈ {1, 2, 3}. We assume that the excess return from date t to

t + 1 (for t ∈ {1, 2})of the mean-variance efficient carry trade portfolio MVCR is CTt+1 =

µt + σzt+1, where zt+1 ∼ N(0, 1) and z2, z3 are independent. The conditional expected

return µ1 is known at date t = 1 and µ2 is normally distributed and realized at date t = 2,

i.e., µ2 = µµ + σµh with h ∼ N(0, 1) and independent of z2, z3. The return volatility σ is

constant. We can write the excess return from date 2 to 3 as CT3 = µµ + σµh + σz3. We

define the two-period (unconditional) Sharpe ratio of a strategy with notional value NVt as

SR = E[NV1CT2+NV2CT3]√
V ar[NV1CT2+NV2CT3]

.

Important Properties for independent x, y ∼ N(0, 1):

1. V ar [x2] = E
[
(x2 − E [x2])

2
]

= E [x2 − 2x2 + 1] = 3− 2 + 1 = 2.

2. V ar [xy] = E
î
(xy − E [xy])2

ó
= E [x2y2] = Cov [x2, y2] + E [x2]E [y2] = 1.

3. Cov [x, x2] = E [(x− E [x]) (x2 − E [x2])] = E [x3]− E [x]E [x2] = 0.

4. Cov [x, xy] = E [(x− E [x]) (xy − E [xy])] = E [x2y] = E [x2]E [y] = 0.
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5. Cov [x2, xy] = E [(x2 − E [x2]) (xy − E [xy])] = E [x3y] = E [x3]E [y] = 0.

Case of MVCR with constant notional value NVt = 1:

The two-period Sharpe ratio of MVCR is

SRCR =
µ1 + µµ»
2σ2 + σ2

µ

.

Case of MV with market timing and notional value NVt = µt
σ2 :

Note that

NV1 =
µ1

σ2
1

NV1CT2 =
µ1

σ2
(µ1 + σz2)

E [NV1CT2] =
µ1

σ2

V ar [NV1CT2] =
µ2

1

σ2

NV2 =
µ2

σ2
=
µµ + σµh

σ2

NV2CT3 =
µµ + σµh

σ2
(µµ + σµh+ σz3) =

µ2
µ + 2µµσµh+ σ2

µh
2 + µµσz3 + σµσz3h

σ2

E [NV2CT3] =
µ2
µ + σ2

µ

σ2

V ar [NV2CT3] =
4µ2

µσ
2
µ + 2σ4

µ + µ2
µσ

2 + σ2
µσ

2

σ4
.

Therefore, the two-period Sharpe ratio of MV is

SR =
µ2

1 + µ2
µ + σ2

µ…
σ2
(
µ2

1 + 4µ2
µ
σ2
µ

σ2 + 2
σ4
µ

σ2 + µ2
µ + σ2

µ

) .
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We now compare the size of the Sharpe ratio of the two strategies,

SR > SRCR

⇐⇒ SR2 > SR2
CR

⇐⇒
Ä
µ2

1 + µ2
µ + σ2

µ

ä2 Ä
2σ2 + σ2

µ

ä
=
Ä
µ2

1 + µ2
µ

ä2 Ä
2σ2 + σ2

µ

ä
+ 2
Ä
µ2

1 + µ2
µ

ä
σ2
µ

Ä
2σ2 + σ2

µ

ä
+ σ4

µ

Ä
2σ2 + σ2

µ

ä
= 2

Ä
µ2

1 + µ2
µ

ä2
σ2 +

Ä
µ2

1 + µ2
µ

ä2
σ2
µ + 2

Ä
µ2

1 + µ2
µ

ä
σ2
µ

Ä
2σ2 + σ2

µ

ä
+ σ4

µ

Ä
2σ2 + σ2

µ

ä
= σ2

Ä
µ2

1 + µ2
µ

ä î
(µ1 + µµ)2 + (µ1 − µµ)2

ó
+
Ä
µ2

1 + µ2
µ

ä2
σ2
µ

+
î
(µ1 + µµ)2 + (µ1 − µµ)2

ó
σ2
µ

Ä
2σ2 + σ2

µ

ä
+ σ4

µ

Ä
2σ2 + σ2

µ

ä
= σ2

Ä
µ2

1 + µ2
µ

ä
(µ1 + µµ)2 + σ2

Ä
µ2

1 + µ2
µ

ä
(µ1 − µµ)2 +

Ä
µ2

1 + µ2
µ

ä2
σ2
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ä
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µ

Ä
2σ2 + σ2
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ä
>
Ä
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ä
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Therefore,

SR > SRCR

if A (µ1 − µµ)4 +B (µ1 − µµ)2 + C > 0

⇐=‖µ1 − µµ‖ >

Ã
max

{
−B +

√
B2 − 4AC

2A
, 0

}

with A =
1

2
σ2 +

1

4
σ2
µ > 0

B =

Ç
1

2
σ2 +

1

2
σ2
µ

å
(µ1 + µµ)2 + σ2

µ

Ä
2σ2 + σ2

µ

ä
> 0

C =

Ç
1

4
(µ1 + µµ)2 + σ2 −

Ä
4µ2

µ + σ2
µ

äå
σ2
µ (µ1 + µµ)2 + σ4

µ

Ä
2σ2 + σ2

µ

ä
.

Notice that we are only interested in solutions with real values of (µ1 − µµ).

C Additional Tables
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Table 8: Performance After Transaction Costs, 15 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 7.44 5.09 0.66 4.80 3.19 3.85
Vol (in %) 8.12 9.15 8.59 8.49 13.22 8.13
SR 0.92 0.56 0.08 0.57 0.24 0.47
∆SR 0.36∗ 0.84∗∗∗ 0.35 0.67∗∗∗ 0.44∗∗

(p-value) (0.059) (0.001) (0.100) (0.007) (0.036)

Skew 0.61 -0.85 -0.20 -0.17 0.33 0.02
Kurt 6.50 5.86 3.89 4.03 6.95 4.60

MDD (in %) -16.87 -43.18 -73.07 -24.17 -39.49 -22.98
‖MDD‖/Mean 2.27 8.49 110.60 5.04 12.37 5.96

MV SWCR SW HMLVM SWVM

Mean (in %) 7.44 5.70 6.79 5.74 10.29
Vol (in %) 8.12 7.06 9.91 10.79 14.62
SR 0.92 0.81 0.69 0.53 0.70
∆SR 0.11 0.23 0.38∗∗ 0.21
(p-value) (0.516) (0.213) (0.045) (0.260)

Skew 0.61 -0.42 0.42 -0.46 1.18
Kurt 6.50 5.05 16.92 18.99 20.91

MDD (in %) -16.87 -24.76 -45.45 -54.49 -42.51
‖MDD‖/Mean 2.27 4.34 6.70 9.49 4.13

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 7.44 10.22 4.49 2.94 7.34 2.55
Vol (in %) 8.12 9.97 8.92 4.69 7.36 9.81
SR 0.92 1.03 0.50 0.63 1.00 0.26
∆SR -0.11 0.41∗∗∗ 0.29 -0.08 0.66∗∗∗

(p-value) (0.504) (0.006) (0.210) (0.747) (0.002)

Skew 0.61 1.00 -0.80 -2.92 -2.90 0.02
Kurt 6.50 8.61 5.42 32.84 40.82 6.34

MDD (in %) -16.87 -19.94 -57.73 -15.43 -33.34 -44.60
‖MDD‖/Mean 2.27 1.95 12.85 5.26 4.54 17.46

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 15 developed currencies from January 1977 to February 2016. Mean, Vol, SR

and ∆SR are annualized. Returns are after transaction costs.
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Table 9: Performance After Transaction Costs, 29 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 8.98 4.16 0.79 3.85 3.87 2.36
Vol (in %) 10.90 7.53 8.44 8.32 13.66 6.02
SR 0.82 0.55 0.09 0.46 0.28 0.39
∆SR 0.27 0.73∗∗∗ 0.36∗ 0.54∗∗ 0.43∗∗

(p-value) (0.171) (0.002) (0.097) (0.035) (0.045)

Skew 0.07 -0.94 -0.36 -0.25 -0.33 -0.19
Kurt 6.58 5.98 4.28 4.52 5.12 4.75

MDD (in %) -30.61 -38.98 -72.99 -28.41 -48.97 -16.32
‖MDD‖/Mean 3.41 9.38 92.68 7.39 12.64 6.92

MV SWCR SW HMLVM SWVM

Mean (in %) 8.98 4.74 9.29 6.89 12.10
Vol (in %) 10.90 6.91 15.45 12.35 16.41
SR 0.82 0.69 0.60 0.56 0.74
∆SR 0.14 0.22 0.27 0.09
(p-value) (0.500) (0.298) (0.169) (0.587)

Skew 0.07 -0.76 -0.56 -0.81 1.34
Kurt 6.58 6.68 9.98 12.79 15.95

MDD (in %) -30.61 -27.79 -67.52 -53.53 -37.10
‖MDD‖/Mean 3.41 5.86 7.27 7.77 3.07

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 8.98 10.00 4.51 3.55 9.74 4.51
Vol (in %) 10.90 11.18 9.05 7.02 10.46 11.91
SR 0.82 0.89 0.50 0.51 0.93 0.38
∆SR -0.07 0.33∗∗ 0.32 -0.11 0.45∗∗

(p-value) (0.648) (0.023) (0.158) (0.635) (0.030)

Skew 0.07 0.63 -1.17 -2.93 -2.47 -0.02
Kurt 6.58 9.94 8.53 24.99 21.54 7.76

MDD (in %) -30.61 -32.29 -44.79 -24.88 -41.02 -45.49
‖MDD‖/Mean 3.41 3.23 9.93 7.00 4.21 10.09

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 29 currencies from January 1977 to February 2016. Mean, Vol, SR and ∆SR

are annualized. Returns are after transaction costs.
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Table 10: Performance After Full Round-Trip Costs, 15 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 4.82 2.57 -0.69 3.64 1.44 1.31
Vol (in %) 7.97 9.14 8.60 8.47 13.21 8.14
SR 0.60 0.28 -0.08 0.43 0.11 0.16
∆SR 0.32∗ 0.68∗∗∗ 0.17 0.50∗∗ 0.44∗∗

(p-value) (0.079) (0.004) (0.406) (0.044) (0.039)

Skew 0.34 -0.84 -0.22 -0.17 0.33 0.01
Kurt 6.41 5.83 3.89 4.07 6.99 4.62

MDD (in %) -20.18 -46.12 -86.30 -27.29 -58.69 -31.55
‖MDD‖/Mean 4.19 17.91 -124.56 7.51 40.80 24.11

MV SWCR SW HMLVM SWVM

Mean (in %) 4.82 4.44 5.29 3.63 8.40
Vol (in %) 7.97 7.04 9.83 10.81 14.56
SR 0.60 0.63 0.54 0.34 0.58
∆SR -0.03 0.07 0.27 0.03
(p-value) (0.877) (0.727) (0.127) (0.889)

Skew 0.34 -0.42 0.24 -0.76 1.00
Kurt 6.41 5.05 16.91 20.57 20.99

MDD (in %) -20.18 -27.80 -49.03 -63.17 -47.04
‖MDD‖/Mean 4.19 6.26 9.27 17.41 5.60

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 4.82 8.67 2.08 0.00 3.42 0.11
Vol (in %) 7.97 9.84 8.88 4.61 7.09 9.86
SR 0.60 0.88 0.23 0.00 0.48 0.01
∆SR -0.28 0.37∗∗∗ 0.60∗∗∗ 0.12 0.59∗∗∗

(p-value) (0.107) (0.008) (0.003) (0.557) (0.003)

Skew 0.34 0.91 -0.79 -3.52 -3.72 -0.12
Kurt 6.41 8.74 5.39 36.31 48.25 6.43

MDD (in %) -20.18 -25.05 -60.53 -39.24 -37.77 -76.63
‖MDD‖/Mean 4.19 2.89 29.08 16974.28 11.03 684.44

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 15 developed currencies from January 1977 to February 2016. Mean, Vol, SR

and ∆SR are annualized. Returns are after full round-trip costs.
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Table 11: Performance After Full Round-Trip Costs, 29 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 4.97 1.04 -0.82 2.48 1.87 -0.92
Vol (in %) 10.69 7.51 8.44 8.30 13.65 6.03
SR 0.47 0.14 -0.10 0.30 0.14 -0.15
∆SR 0.33∗ 0.56∗∗ 0.17 0.33 0.62∗∗∗

(p-value) (0.076) (0.013) (0.436) (0.176) (0.005)

Skew -0.10 -0.95 -0.38 -0.27 -0.33 -0.20
Kurt 6.46 5.96 4.29 4.57 5.10 4.71

MDD (in %) -34.40 -42.56 -86.21 -33.30 -49.64 -54.67
‖MDD‖/Mean 6.92 41.07 -105.64 13.42 26.53 -59.15

MV SWCR SW HMLVM SWVM

Mean (in %) 4.97 3.14 6.17 3.54 9.13
Vol (in %) 10.69 6.89 15.38 12.24 16.22
SR 0.47 0.46 0.40 0.29 0.56
∆SR 0.01 0.06 0.18 -0.10
(p-value) (0.960) (0.753) (0.338) (0.553)

Skew -0.10 -0.79 -0.66 -1.07 1.20
Kurt 6.46 6.74 10.14 13.36 16.06

MDD (in %) -34.40 -33.22 -73.80 -63.26 -41.59
‖MDD‖/Mean 6.92 10.59 11.96 17.89 4.56

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 4.97 7.69 1.54 -1.61 3.01 1.64
Vol (in %) 10.69 11.07 9.00 6.97 10.30 11.94
SR 0.47 0.70 0.17 -0.23 0.29 0.14
∆SR -0.23 0.29∗∗ 0.70∗∗∗ 0.17 0.33∗

(p-value) (0.143) (0.026) (0.001) (0.345) (0.082)

Skew -0.10 0.59 -1.17 -3.14 -2.75 -0.22
Kurt 6.46 10.13 8.59 25.89 23.14 7.80

MDD (in %) -34.40 -33.79 -66.72 -93.25 -61.78 -65.58
‖MDD‖/Mean 6.92 4.39 43.39 -58.09 20.51 39.95

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 29 currencies from January 1977 to February 2016. Mean, Vol, SR and ∆SR

are annualized. Returns are after full round-trip costs.
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Table 12: Performance excluding NBER Recessions, 15 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 10.45 6.19 1.28 5.63 4.75 3.50
Vol (in %) 8.22 8.51 8.26 8.09 12.15 7.89
SR 1.27 0.73 0.15 0.70 0.39 0.44
∆SR 0.54∗∗∗ 1.12∗∗∗ 0.58∗∗ 0.88∗∗∗ 0.83∗∗∗

(p-value) (0.002) (0.000) (0.020) (0.001) (0.000)

Skew 0.75 -0.68 -0.07 -0.26 -0.03 -0.05
Kurt 6.06 4.49 3.59 3.85 4.53 4.39

MDD (in %) -14.33 -27.53 -63.74 -24.09 -28.22 -22.79
‖MDD‖/Mean 1.37 4.45 49.89 4.28 5.94 6.51

MV SWCR SW HMLVM SWVM

Mean (in %) 10.45 6.68 8.30 8.40 12.63
Vol (in %) 8.22 6.79 9.80 11.38 14.12
SR 1.27 0.98 0.85 0.74 0.89
∆SR 0.29 0.42∗∗ 0.53∗∗∗ 0.38∗

(p-value) (0.108) (0.043) (0.006) (0.074)

Skew 0.75 -0.35 0.87 1.23 0.58
Kurt 6.06 4.76 17.77 22.28 15.59

MDD (in %) -14.33 -19.39 -44.57 -38.80 -37.95
‖MDD‖/Mean 1.37 2.90 5.37 4.62 3.01

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 10.45 12.30 7.52 5.23 9.52 6.83
Vol (in %) 8.22 9.97 8.65 4.91 7.72 9.85
SR 1.27 1.23 0.87 1.06 1.23 0.69
∆SR 0.04 0.40∗∗∗ 0.21 0.04 0.58∗∗∗

(p-value) (0.826) (0.004) (0.423) (0.886) (0.005)

Skew 0.75 1.39 -0.75 -1.72 -2.16 0.59
Kurt 6.06 9.07 5.33 24.71 32.14 6.39

MDD (in %) -14.33 -17.09 -32.18 -13.49 -30.70 -21.07
‖MDD‖/Mean 1.37 1.39 4.28 2.58 3.22 3.09

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 15 developed currencies from January 1977 to February 2016 excluding NBER

Recessions. Mean, Vol, SR and ∆SR are annualized. Returns are before transaction

costs. 11



Table 13: Performance excluding NBER Recessions, 29 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 13.97 5.82 1.59 4.38 6.06 2.38
Vol (in %) 11.13 6.80 8.04 7.89 13.07 5.88
SR 1.26 0.86 0.20 0.55 0.46 0.40
∆SR 0.40∗∗ 1.06∗∗∗ 0.70∗∗∗ 0.79∗∗∗ 0.85∗∗∗

(p-value) (0.038) (0.000) (0.003) (0.003) (0.000)

Skew 0.17 -0.50 -0.17 -0.33 0.02 -0.29
Kurt 6.43 3.98 3.93 4.25 4.46 4.72

MDD (in %) -27.90 -23.17 -63.11 -28.36 -26.81 -16.11
‖MDD‖/Mean 2.00 3.98 39.70 6.48 4.43 6.78

MV SWCR SW HMLVM SWVM

Mean (in %) 13.97 5.96 12.11 10.58 15.19
Vol (in %) 11.13 6.55 14.41 12.63 16.27
SR 1.26 0.91 0.84 0.84 0.93
∆SR 0.35 0.42 0.42∗ 0.32∗

(p-value) (0.108) (0.105) (0.055) (0.068)

Skew 0.17 -0.54 -0.03 -0.37 1.40
Kurt 6.43 6.53 10.47 11.65 16.60

MDD (in %) -27.90 -27.35 -65.43 -40.49 -31.01
‖MDD‖/Mean 2.00 4.59 5.40 3.83 2.04

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 13.97 12.89 7.72 7.70 13.79 9.77
Vol (in %) 11.13 11.39 8.69 7.24 10.60 11.83
SR 1.26 1.13 0.89 1.06 1.30 0.83
∆SR 0.12 0.37∗∗ 0.19 -0.05 0.43∗∗

(p-value) (0.465) (0.035) (0.490) (0.869) (0.049)

Skew 0.17 1.02 -1.27 -2.49 -2.24 0.74
Kurt 6.43 10.51 9.45 21.73 20.87 5.94

MDD (in %) -27.90 -31.89 -37.76 -19.37 -36.35 -22.33
‖MDD‖/Mean 2.00 2.47 4.89 2.52 2.64 2.29

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 29 currencies from January 1977 to February 2016 excluding NBER Recessions.

Mean, Vol, SR and ∆SR are annualized. Returns are before transaction costs.
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Table 14: Performance during NBER Recessions, 15 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 7.27 1.34 -3.50 0.61 -0.35 9.35
Vol (in %) 9.30 12.99 10.85 10.90 19.51 9.77
SR 0.78 0.10 -0.32 0.06 -0.02 0.96
∆SR 0.68 1.10 0.73 0.80 -0.18
(p-value) (0.486) (0.216) (0.336) (0.381) (0.845)

Skew 1.65 -0.94 -0.49 0.37 1.09 0.19
Kurt 8.81 5.77 3.74 3.88 7.69 4.60

MDD (in %) -10.05 -39.94 -33.93 -22.41 -43.86 -9.45
‖MDD‖/Mean 1.38 29.80 -9.69 36.45 -126.42 1.01

MV SWCR SW HMLVM SWVM

Mean (in %) 7.27 0.88 -0.93 2.08 6.13
Vol (in %) 9.30 8.75 10.39 7.99 19.56
SR 0.78 0.10 -0.09 0.26 0.31
∆SR 0.68 0.87 0.52 0.47
(p-value) (0.426) (0.144) (0.400) (0.475)

Skew 1.65 -0.43 -1.77 -0.28 4.62
Kurt 8.81 4.90 10.19 5.90 31.21

MDD (in %) -10.05 -22.97 -22.99 -10.38 -18.34
‖MDD‖/Mean 1.38 25.97 -24.68 5.00 2.99

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 7.27 3.35 -1.78 3.78 7.22 -10.06
Vol (in %) 9.30 10.95 10.64 3.26 5.88 9.77
SR 0.78 0.31 -0.17 1.16 1.23 -1.03
∆SR 0.48 0.95 -0.38 -0.45 1.81∗∗

(p-value) (0.397) (0.265) (0.616) (0.313) (0.038)

Skew 1.65 -0.08 -0.75 0.16 1.00 -2.10
Kurt 8.81 6.51 4.58 4.36 7.10 8.37

MDD (in %) -10.05 -16.78 -43.07 -3.95 -5.86 -49.33
‖MDD‖/Mean 1.38 5.01 -24.26 1.04 0.81 -4.90

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 15 developed currencies from January 1977 to February 2016 during NBER

Recessions. Mean, Vol, SR and ∆SR are annualized. Returns are before transaction

costs. 13



Table 15: Performance during NBER Recessions, 29 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 5.46 -1.72 -4.47 2.52 -3.74 5.83
Vol (in %) 11.87 11.49 10.97 11.02 17.30 6.93
SR 0.46 -0.15 -0.41 0.23 -0.22 0.84
∆SR 0.61 0.87 0.23 0.68 -0.38
(p-value) (0.401) (0.362) (0.740) (0.516) (0.677)

Skew 1.13 -1.16 -0.70 0.12 -1.26 0.32
Kurt 7.07 4.88 3.80 4.07 5.10 3.91

MDD (in %) -16.47 -40.64 -38.71 -15.09 -48.45 -10.95
‖MDD‖/Mean 3.02 -23.61 -8.66 5.99 -12.95 1.88

MV SWCR SW HMLVM SWVM

Mean (in %) 5.46 -1.06 -5.11 2.32 8.82
Vol (in %) 11.87 9.05 21.37 9.40 20.13
SR 0.46 -0.12 -0.24 0.25 0.44
∆SR 0.58 0.70 0.21 0.02
(p-value) (0.460) (0.348) (0.633) (0.973)

Skew 1.13 -1.08 -1.27 -0.27 3.13
Kurt 7.07 5.04 5.48 4.72 18.78

MDD (in %) -16.47 -28.07 -70.70 -13.95 -15.69
‖MDD‖/Mean 3.02 -26.45 -13.84 6.02 1.78

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 5.46 0.43 2.65 5.11 5.47 -3.15
Vol (in %) 11.87 10.90 11.44 4.82 10.08 13.68
SR 0.46 0.04 0.23 1.06 0.54 -0.23
∆SR 0.42 0.23 -0.60 -0.08 0.69
(p-value) (0.363) (0.750) (0.415) (0.890) (0.465)

Skew 1.13 -1.40 -0.62 -0.44 -0.79 -2.29
Kurt 7.07 6.47 4.71 3.83 4.79 10.80

MDD (in %) -16.47 -23.71 -26.13 -5.97 -18.58 -42.22
‖MDD‖/Mean 3.02 55.27 9.86 1.17 3.40 -13.41

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 29 currencies from January 1977 to February 2016 during NBER Recessions.

Mean, Vol, SR and ∆SR are annualized. Returns are before transaction costs.
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Table 16: Performance Pre-Euro, 15 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 13.95 6.08 0.80 5.48 5.85 3.69
Vol (in %) 9.77 8.13 8.72 8.57 12.78 8.04
SR 1.43 0.75 0.09 0.64 0.46 0.46
∆SR 0.68∗∗ 1.34∗∗∗ 0.79∗∗ 0.97∗∗∗ 0.97∗∗∗

(p-value) (0.021) (0.000) (0.019) (0.009) (0.002)

Skew 0.60 -0.92 -0.20 -0.29 -0.12 -0.05
Kurt 5.31 5.38 3.82 4.09 5.03 5.06

MDD (in %) -14.33 -27.53 -72.04 -17.09 -30.38 -22.79
‖MDD‖/Mean 1.03 4.53 89.52 3.12 5.19 6.17

MV SWCR SW HMLVM SWVM

Mean (in %) 13.95 6.99 10.67 10.27 17.59
Vol (in %) 9.77 6.37 12.46 13.49 18.08
SR 1.43 1.10 0.86 0.76 0.97
∆SR 0.33 0.57∗∗ 0.67∗∗∗ 0.46∗

(p-value) (0.178) (0.031) (0.009) (0.088)

Skew 0.60 -0.33 0.24 0.96 1.52
Kurt 5.31 4.96 11.60 17.12 15.83

MDD (in %) -14.33 -18.60 -44.57 -38.80 -31.78
‖MDD‖/Mean 1.03 2.66 4.18 3.78 1.81

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 13.95 15.54 8.27 7.98 14.34 5.40
Vol (in %) 9.77 11.37 8.08 5.66 9.38 10.80
SR 1.43 1.37 1.02 1.41 1.53 0.50
∆SR 0.06 0.40∗∗ 0.02 -0.10 0.93∗∗∗

(p-value) (0.789) (0.043) (0.954) (0.766) (0.003)

Skew 0.60 0.98 -1.00 -1.33 -2.24 0.17
Kurt 5.31 7.68 7.63 17.40 24.12 7.51

MDD (in %) -14.33 -14.83 -24.95 -13.49 -30.70 -29.19
‖MDD‖/Mean 1.03 0.95 3.02 1.69 2.14 5.40

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 15 developed currencies from January 1977 to January 1999. Mean, Vol, SR

and ∆SR are annualized. Returns are before transaction costs.
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Table 17: Performance Pre-Euro, 29 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 15.42 5.44 0.98 5.41 6.50 2.90
Vol (in %) 12.34 6.68 8.59 8.36 12.91 5.85
SR 1.25 0.81 0.11 0.65 0.50 0.50
∆SR 0.44 1.14∗∗∗ 0.60∗ 0.75∗ 0.75∗∗

(p-value) (0.113) (0.003) (0.074) (0.061) (0.027)

Skew 0.19 -0.66 -0.21 -0.35 -0.12 -0.17
Kurt 6.38 4.38 3.86 4.30 4.97 4.50

MDD (in %) -27.90 -23.17 -71.54 -15.64 -25.65 -12.15
‖MDD‖/Mean 1.81 4.26 73.02 2.89 3.95 4.19

MV SWCR SW HMLVM SWVM

Mean (in %) 15.42 6.23 13.05 11.75 19.82
Vol (in %) 12.34 5.85 16.27 14.55 20.17
SR 1.25 1.07 0.80 0.81 0.98
∆SR 0.18 0.45 0.44 0.27
(p-value) (0.555) (0.186) (0.129) (0.250)

Skew 0.19 -0.24 -0.19 -0.42 1.60
Kurt 6.38 5.83 10.13 9.91 13.45

MDD (in %) -27.90 -19.37 -65.43 -40.49 -30.42
‖MDD‖/Mean 1.81 3.11 5.01 3.45 1.54

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 15.42 14.46 8.40 9.83 16.47 7.75
Vol (in %) 12.34 12.30 7.82 8.36 12.63 12.59
SR 1.25 1.18 1.07 1.18 1.30 0.62
∆SR 0.07 0.18 0.07 -0.05 0.63∗

(p-value) (0.740) (0.298) (0.841) (0.874) (0.050)

Skew 0.19 1.13 -0.60 -2.47 -2.24 0.17
Kurt 6.38 10.61 5.64 18.48 16.59 8.98

MDD (in %) -27.90 -18.54 -14.48 -19.37 -36.35 -31.73
‖MDD‖/Mean 1.81 1.28 1.72 1.97 2.21 4.10

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 29 currencies from January 1977 to January 1999. Mean, Vol, SR and ∆SR

are annualized. Returns are before transaction costs.
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Table 18: Performance since Euro, 15 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 4.99 5.12 0.63 4.54 1.52 4.80
Vol (in %) 5.67 10.39 8.49 8.39 13.73 8.34
SR 0.88 0.49 0.07 0.54 0.11 0.58
∆SR 0.39 0.81∗∗ 0.34 0.77∗∗ 0.30
(p-value) (0.199) (0.021) (0.219) (0.026) (0.398)

Skew 1.01 -0.77 -0.20 0.05 0.88 0.12
Kurt 6.03 5.57 3.91 3.91 9.16 3.96

MDD (in %) -15.86 -42.78 -29.97 -24.09 -29.94 -14.37
‖MDD‖/Mean 3.18 8.36 47.78 5.30 19.67 3.00

MV SWCR SW HMLVM SWVM

Mean (in %) 4.99 4.74 2.70 4.26 4.31
Vol (in %) 5.67 7.92 4.39 6.45 8.44
SR 0.88 0.60 0.62 0.66 0.51
∆SR 0.28 0.26 0.22 0.37
(p-value) (0.249) (0.320) (0.308) (0.266)

Skew 1.01 -0.42 -0.31 0.85 -1.98
Kurt 6.03 4.66 6.38 9.09 20.21

MDD (in %) -15.86 -24.39 -17.24 -10.84 -40.91
‖MDD‖/Mean 3.18 5.15 6.38 2.55 9.50

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 4.99 5.65 4.00 1.16 2.51 4.25
Vol (in %) 5.67 7.92 9.97 2.80 2.90 8.76
SR 0.88 0.71 0.40 0.42 0.87 0.49
∆SR 0.17 0.48∗∗ 0.46 0.01 0.39
(p-value) (0.494) (0.035) (0.447) (0.932) (0.148)

Skew 1.01 1.05 -0.55 -8.06 0.95 0.48
Kurt 6.03 9.05 3.66 97.59 8.20 3.98

MDD (in %) -15.86 -18.73 -55.90 -10.42 -6.63 -19.67
‖MDD‖/Mean 3.18 3.31 13.97 8.96 2.64 4.63

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 15 developed currencies from January 1999 to February 2016. Mean, Vol, SR

and ∆SR are annualized. Returns are before transaction costs.
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Table 19: Performance since Euro, 29 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 9.80 4.26 0.78 2.53 3.13 2.61
Vol (in %) 9.57 8.57 8.30 8.27 14.63 6.28
SR 1.02 0.50 0.09 0.31 0.21 0.42
∆SR 0.53∗ 0.93∗∗∗ 0.72∗∗∗ 0.81∗∗ 0.61∗

(p-value) (0.065) (0.006) (0.010) (0.018) (0.064)

Skew 0.36 -1.06 -0.57 -0.08 -0.51 -0.16
Kurt 4.85 6.17 4.84 4.84 4.99 4.75

MDD (in %) -19.14 -38.07 -28.83 -27.18 -48.23 -16.11
‖MDD‖/Mean 1.95 8.93 36.93 10.73 15.39 6.17

MV SWCR SW HMLVM SWVM

Mean (in %) 9.80 3.65 6.25 6.87 7.37
Vol (in %) 9.57 8.15 14.29 8.48 10.35
SR 1.02 0.45 0.44 0.81 0.71
∆SR 0.58∗∗ 0.59∗ 0.21 0.31
(p-value) (0.018) (0.067) (0.189) (0.147)

Skew 0.36 -0.91 -1.23 -0.17 -0.23
Kurt 4.85 5.92 8.56 6.20 9.69

MDD (in %) -19.14 -26.20 -60.71 -12.17 -30.60
‖MDD‖/Mean 1.95 7.18 9.72 1.77 4.15

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 9.80 7.55 5.18 4.08 7.96 9.11
Vol (in %) 9.57 10.01 10.52 4.47 6.70 11.54
SR 1.02 0.75 0.49 0.91 1.19 0.79
∆SR 0.27 0.53∗∗∗ 0.11 -0.16 0.23
(p-value) (0.196) (0.008) (0.747) (0.619) (0.420)

Skew 0.36 -0.37 -1.35 -1.84 -0.59 0.25
Kurt 4.85 6.72 8.47 17.86 6.16 4.06

MDD (in %) -19.14 -31.37 -37.76 -9.58 -21.68 -22.33
‖MDD‖/Mean 1.95 4.15 7.29 2.35 2.72 2.45

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 29 currencies from January 1999 to February 2016. Mean, Vol, SR and ∆SR

are annualized. Returns are before transaction costs.

18



Table 20: Performance after November 1983, 15 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 8.51 5.26 1.59 5.08 2.52 4.55
Vol (in %) 7.38 9.64 8.61 8.50 13.81 8.66
SR 1.15 0.55 0.19 0.60 0.18 0.53
∆SR 0.61∗∗∗ 0.97∗∗∗ 0.56∗∗ 0.97∗∗∗ 0.63∗∗∗

(p-value) (0.005) (0.000) (0.023) (0.001) (0.010)

Skew 0.58 -0.90 -0.18 -0.16 0.40 -0.01
Kurt 6.28 5.62 3.61 3.72 6.86 4.20

MDD (in %) -15.86 -42.78 -42.23 -24.09 -30.38 -22.79
‖MDD‖/Mean 1.86 8.14 26.48 4.75 12.07 5.01

MV SWCR SW HMLVM SWVM

Mean (in %) 8.51 5.75 5.90 7.90 9.58
Vol (in %) 7.38 7.39 9.32 10.54 12.31
SR 1.15 0.78 0.63 0.75 0.78
∆SR 0.37∗∗ 0.52∗∗ 0.40∗∗ 0.38
(p-value) (0.042) (0.020) (0.025) (0.109)

Skew 0.58 -0.49 -0.45 2.57 -0.56
Kurt 6.28 4.60 11.51 26.34 14.90

MDD (in %) -15.86 -24.39 -44.57 -22.09 -40.91
‖MDD‖/Mean 1.86 4.24 7.56 2.80 4.27

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 8.51 9.24 5.91 4.18 7.40 5.36
Vol (in %) 7.38 8.82 9.48 4.02 6.98 9.15
SR 1.15 1.05 0.62 1.04 1.06 0.59
∆SR 0.11 0.53∗∗∗ 0.11 0.09 0.57∗∗∗

(p-value) (0.587) (0.002) (0.629) (0.744) (0.009)

Skew 0.58 0.63 -0.84 -1.66 -3.28 0.36
Kurt 6.28 6.07 4.97 31.72 48.31 4.00

MDD (in %) -15.86 -18.73 -55.90 -13.49 -30.70 -19.67
‖MDD‖/Mean 1.86 2.03 9.46 3.23 4.15 3.67

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 15 developed currencies from November 1983 to February 2016. Mean, Vol, SR

and ∆SR are annualized. Returns are before transaction costs.
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Table 21: Performance after November 1983, 29 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 11.08 4.46 1.74 3.68 3.69 2.72
Vol (in %) 10.55 7.75 8.45 8.34 14.31 6.38
SR 1.05 0.58 0.21 0.44 0.26 0.43
∆SR 0.47∗∗ 0.85∗∗∗ 0.61∗∗ 0.79∗∗∗ 0.62∗∗

(p-value) (0.034) (0.002) (0.015) (0.008) (0.019)

Skew -0.24 -1.07 -0.36 -0.24 -0.35 -0.22
Kurt 5.91 6.03 4.13 4.30 4.80 4.33

MDD (in %) -27.90 -38.07 -34.30 -28.36 -48.23 -16.11
‖MDD‖/Mean 2.52 8.53 19.76 7.70 13.08 5.93

MV SWCR SW HMLVM SWVM

Mean (in %) 11.08 4.71 9.14 10.12 10.21
Vol (in %) 10.55 7.30 16.05 12.30 13.60
SR 1.05 0.65 0.57 0.82 0.75
∆SR 0.41∗ 0.48∗ 0.23 0.30
(p-value) (0.075) (0.057) (0.277) (0.131)

Skew -0.24 -0.83 -0.84 -0.24 -0.69
Kurt 5.91 6.13 8.24 12.74 9.51

MDD (in %) -27.90 -27.35 -65.43 -32.44 -31.01
‖MDD‖/Mean 2.52 5.81 7.16 3.21 3.04

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 11.08 9.62 6.61 6.57 10.99 9.10
Vol (in %) 10.55 10.61 9.55 6.73 10.36 11.29
SR 1.05 0.91 0.69 0.98 1.06 0.81
∆SR 0.14 0.36∗∗ 0.08 -0.01 0.25
(p-value) (0.438) (0.040) (0.793) (0.968) (0.286)

Skew -0.24 -0.09 -1.23 -2.71 -2.78 0.52
Kurt 5.91 6.69 8.23 25.27 23.53 5.05

MDD (in %) -27.90 -31.89 -37.76 -19.37 -36.35 -22.33
‖MDD‖/Mean 2.52 3.32 5.72 2.95 3.31 2.46

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 29 currencies from November 1983 to February 2016. Mean, Vol, SR and ∆SR

are annualized. Returns are before transaction costs.
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Table 22: Performance excluding Danish Krone, 14 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 9.66 4.20 0.72 4.94 4.48 4.27
Vol (in %) 9.89 9.72 8.46 8.32 13.24 8.01
SR 0.98 0.43 0.09 0.59 0.34 0.53
∆SR 0.55∗∗ 0.89∗∗∗ 0.38∗ 0.64∗∗ 0.44∗

(p-value) (0.022) (0.001) (0.083) (0.015) (0.076)

Skew -0.04 -1.52 -0.22 0.03 0.38 -0.04
Kurt 11.72 9.84 3.88 3.93 6.97 4.18

MDD (in %) -20.90 -57.48 -71.53 -31.95 -30.65 -20.59
‖MDD‖/Mean 2.16 13.69 99.16 6.47 6.84 4.83

MV SWCR SW HMLVM SWVM

Mean (in %) 9.66 5.74 6.48 7.12 11.42
Vol (in %) 9.89 7.25 9.25 10.63 15.92
SR 0.98 0.79 0.70 0.67 0.72
∆SR 0.18 0.28 0.31 0.26
(p-value) (0.367) (0.191) (0.104) (0.279)

Skew -0.04 -0.35 0.47 0.76 -0.49
Kurt 11.72 4.97 14.88 14.25 28.81

MDD (in %) -20.90 -26.99 -40.26 -39.18 -41.94
‖MDD‖/Mean 2.16 4.70 6.22 5.50 3.67

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 9.66 11.41 6.08 4.33 8.28 4.10
Vol (in %) 9.89 10.54 9.26 4.26 7.26 10.39
SR 0.98 1.08 0.66 1.02 1.14 0.39
∆SR -0.11 0.32∗ -0.04 -0.16 0.58∗∗∗

(p-value) (0.575) (0.057) (0.867) (0.569) (0.007)

Skew -0.04 0.67 -0.69 -1.96 -2.17 0.10
Kurt 11.72 8.37 4.58 29.35 31.27 6.79

MDD (in %) -20.90 -18.38 -54.39 -13.56 -32.62 -43.33
‖MDD‖/Mean 2.16 1.61 8.95 3.13 3.94 10.58

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 14 developed currencies (excluding the Danish Krone) from January 1977 to

February 2016. Mean, Vol, SR and ∆SR are annualized. Returns are before transac-
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Table 23: Performance excluding Danish Krone, 28 Currencies

MV HML DOL DDOL MOM VAL

Mean (in %) 14.25 4.88 0.88 2.91 4.88 3.03
Vol (in %) 11.91 7.57 8.34 8.27 13.76 6.15
SR 1.20 0.64 0.10 0.35 0.35 0.49
∆SR 0.55∗∗∗ 1.09∗∗∗ 0.84∗∗∗ 0.84∗∗∗ 0.70∗∗∗

(p-value) (0.008) (0.000) (0.001) (0.001) (0.005)

Skew 0.23 -0.85 -0.38 -0.47 -0.36 -0.25
Kurt 6.25 5.52 4.32 4.54 4.99 4.88

MDD (in %) -29.03 -34.19 -71.08 -44.98 -48.21 -19.43
‖MDD‖/Mean 2.04 7.01 81.22 15.44 9.88 6.40

MV SWCR SW HMLVM SWVM

Mean (in %) 14.25 5.01 9.35 9.69 14.20
Vol (in %) 11.91 7.00 14.77 11.77 16.75
SR 1.20 0.72 0.63 0.82 0.85
∆SR 0.48∗∗ 0.56∗∗ 0.37∗∗ 0.35∗∗

(p-value) (0.019) (0.010) (0.050) (0.030)

Skew 0.23 -0.74 -0.56 -0.33 2.07
Kurt 6.25 6.72 9.12 11.63 22.28

MDD (in %) -29.03 -27.92 -61.54 -34.11 -31.06
‖MDD‖/Mean 2.04 5.58 6.58 3.52 2.19

MV MVρ MVCR MVFull MVShrink MVAveRet

Mean (in %) 14.25 11.86 7.93 7.11 11.95 8.60
Vol (in %) 11.91 11.98 8.94 6.81 10.66 12.46
SR 1.20 0.99 0.89 1.04 1.12 0.69
∆SR 0.21 0.31∗∗ 0.15 0.07 0.51∗∗

(p-value) (0.206) (0.036) (0.536) (0.743) (0.016)

Skew 0.23 0.43 -0.99 -2.52 -2.34 0.01
Kurt 6.25 8.18 7.52 23.37 21.22 7.61

MDD (in %) -29.03 -33.44 -36.45 -21.23 -41.02 -34.11
‖MDD‖/Mean 2.04 2.82 4.60 2.99 3.43 3.97

Notes: Statistics of monthly out-of-sample currency strategy excess returns for our

set of 28 currencies (excluding the Danish Krone) from January 1977 to February

2016. Mean, Vol, SR and ∆SR are annualized. Returns are before transaction costs.
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Table 24: Portfolio Weights of the MV

Panel A: 15 Developed Currencies

Mean (in %) Median Std Skew Kurt Min Max fdi

Italy 0.410 0.178 0.703 2.311 10.589 -1.249 4.114 4.84
New Zealand 0.169 0.106 0.264 2.610 15.274 -0.435 2.163 3.84
Australia 0.133 0.111 0.243 -0.276 4.675 -0.916 0.787 3.19
Norway 0.230 0.090 0.451 1.720 8.581 -1.605 2.617 1.97
France 0.046 -0.009 0.409 2.870 15.481 -0.798 2.613 1.76
United Kingdom 0.190 0.111 0.412 2.133 18.661 -1.489 3.852 1.63
Sweden 0.068 0.032 0.376 -0.753 17.855 -2.739 1.953 1.59
Denmark 0.098 -0.008 0.407 2.267 11.644 -1.180 2.369 1.24
Belgium 0.074 0.042 0.385 1.037 5.955 -1.082 1.558 0.78
Canada 0.009 -0.013 0.349 0.317 7.136 -1.619 1.450 0.75
Euro -0.073 -0.051 0.124 -2.600 22.313 -1.013 0.466 -0.29
Netherlands -0.169 -0.067 0.317 -1.851 7.657 -1.677 0.568 -1.48
Germany -0.173 -0.091 0.323 -0.708 6.208 -1.358 1.363 -2.03
Switzerland -0.323 -0.181 0.459 -1.871 10.938 -2.999 1.968 -2.67
Japan -0.260 -0.207 0.312 -1.209 5.701 -1.624 0.673 -2.97

Panel B: 29 Developed and Emerging Currencies

Mean (in %) Median Std Skew Kurt Min Max fdi

Brazil 0.311 0.273 0.285 1.215 5.394 -0.350 1.355 9.26
South Africa 0.195 0.124 0.316 1.689 7.430 -0.579 1.583 6.55

Continued on next page
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Table 24 – continued from previous page

Mexico 0.337 0.163 0.497 1.600 5.626 -0.747 2.423 6.40
Iceland 0.210 0.135 0.238 1.358 4.797 -0.127 1.119 6.08
Hungary 0.188 0.105 0.336 1.529 8.723 -1.101 1.845 5.65
Spain 0.413 0.229 0.678 2.849 14.318 -1.082 4.583 5.58
Portugal 0.316 0.277 0.309 0.680 3.474 -0.327 1.465 5.14
Italy 0.268 0.095 0.568 1.945 7.291 -0.813 2.631 4.84
Greece 0.300 0.266 0.349 1.833 8.373 -0.174 1.795 4.78
New Zealand 0.152 0.093 0.263 1.784 9.630 -0.505 1.726 3.84
Australia 0.050 0.023 0.239 0.366 5.990 -0.896 1.337 3.19
Poland 0.016 -0.010 0.192 2.099 16.545 -0.708 1.302 2.51
Ireland 0.120 0.032 0.398 1.678 8.930 -0.985 2.343 2.27
Norway 0.064 0.012 0.370 1.357 10.418 -1.658 2.018 1.97
France -0.005 -0.037 0.404 2.938 19.549 -1.034 2.904 1.76
United Kingdom 0.068 0.018 0.336 1.730 13.027 -1.490 2.343 1.63
Sweden 0.017 0.001 0.318 -0.327 10.043 -2.076 1.331 1.59
South Korea 0.001 0.008 0.202 -0.277 4.068 -0.664 0.578 1.27
Denmark 0.028 -0.026 0.312 2.640 14.323 -0.910 2.100 1.24
Czech Republic -0.023 -0.024 0.257 0.516 6.488 -1.028 1.029 0.87
Belgium 0.028 0.031 0.323 -0.771 11.845 -2.081 1.370 0.78
Canada -0.006 -0.006 0.337 0.053 8.283 -1.791 1.821 0.75
Euro -0.061 -0.045 0.101 0.097 8.126 -0.444 0.481 -0.29
Taiwan 0.009 -0.007 0.223 2.446 14.568 -0.629 1.270 -0.85
Singapore -0.069 -0.021 0.234 -2.705 18.374 -1.870 0.696 -1.17
Netherlands -0.178 -0.117 0.273 -1.085 5.588 -1.341 0.811 -1.48
Germany -0.180 -0.125 0.258 -1.364 5.465 -1.224 0.395 -2.03
Switzerland -0.291 -0.146 0.420 -2.006 8.712 -2.647 0.682 -2.67
Japan -0.217 -0.181 0.289 -1.032 5.147 -1.613 0.639 -2.97

Notes: Summary statistics of portfolio weights θMV
t of the MV . fdi is the average annualized forward discount in percentage

points of the exchange rate between currency i and USD. The data of 15 developed countries (Panel A) and 29 developed and

emerging currencies (Panel B) are from January 1977 to February 2016.

24



D Data Sources

Spot and Forward Exchange Rates

In Table 25 we list the Datastream mnemonics for spot and forward exchange rate quotes

against the British pound, whereas those against the U.S. Dollar are listed in Table 26. To

obtain mid-, bid- and ask-exchange rates, the suffixes (ER), (EB) and (EO) are added to

the corresponding mnemonics.

Table 25: Datastream mnemonics for currency quotes against the British pound

Currency Spot rate Forward rate Quote convention

Belgian franc BELGLUX BELXF1F FCU/GBP
Canadian dollar CNDOLLR CNDOL1F FCU/GBP
Danish krone DANISHK DANIS1F FCU/GBP
French franc FRENFRA FRENF1F FCU/GBP
German mark DMARKER DMARK1F FCU/GBP
Italian lira ITALIRE ITALY1F FCU/GBP
Japanese yen JAPAYEN JAPYN1F FCU/GBP
Netherlands guilder GUILDER GUILD1F FCU/GBP
Norwegian krone NORKRON NORKN1F FCU/GBP
Swedish krona SWEKRON SWEDK1F FCU/GBP
Swiss franc SWISSFR SWISF1F FCU/GBP
U.S. dollar USDOLLR USDOL1F FCU/GBP
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Table 26: Datastream mnemonics for currency quotes against the U.S. dollar

Currency Spot rate Forward rate Quote convention

Australian dollar BBAUDSP BBAUD1F FCU/USD
Belgian franc BELGLU$ USBEF1F FCU/USD
British pound BBGBPSP BBGBP1F USD/FCU
Canadian dollar BBCADSP BBCAD1F FCU/USD
Danish krone BBDKKSP BBDKK1F FCU/USD
Euro BBEURSP BBEUR1F FCU/USD
French franc BBFRFSP BBFRF1F FCU/USD
German mark BBDEMSP BBDEM1F FCU/USD
Italian lira BBITLSP BBITL1F FCU/USD
Japanese yen BBJPYSP BBJPY1F FCU/USD
Netherland guilder BBNLGSP BBNLG1F FCU/USD
New Zealand dollar BBNZDSP BBNZD1F FCU/USD
Norwegian krone BBNOKSP BBNOK1F FCU/USD
Swedish krona BBSEKSP BBSEK1F FCU/USD
Swiss france BBCHFSP BBCHF1F FCU/USD

Other Data

The OECD provides annual purchasing power parity (PPP) data (national foreign currency

per USD) for all of the countries in our sample. Annual PPP data is released in March

and we assume PPP is constant from March until February in the following year in order to

construct monthly observations. We collect the NBER recession time-series from the Federal

Reserve Bank of St. Louis. NBER based Recession Indicators for the USA are defined as the

Period following the Peak through the Trough. Value weighted US stock market returns are

provided by CRSP. The traded intermediary capital risk factor (factor mimicking portfolio

of equity capital ratio of primary dealers) is provided by He et al. (2017).
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