
Exchange Rates as Exchange Rate Common Factors�

Ryan Greenaway-McGrevy

University of Auckland

Nelson C. Mark

University of Notre Dame and NBER

Donggyu Sul

University of Texas at Dallas

Jyh-Lin Wu

National Sun Yat Sen University

Abstract

Factor analysis performed on a panel of 27 nominal exchange rates from January 1999 to
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1 Introduction

Bilateral exchange rate determination is a corner stone of international �nance and open economy

macroeconomic theory. However it is well-known that macroeconomic fundamentals are a poor

guide when it comes to explaining exchange rate behavior, especially over the short to medium

term. More recently asset pricing models of exchange rate variation have garnered more success

in explaining foreign exchange returns. For example, high risk currencies tend to produce higher

returns on average than low risk currencies for US investors (Lustig and Verdelhen, 2007).

Through the lens of mainstream asset pricing models it is the sensitivity of the asset to system-

atic (or common) variation within a broader portfolio that determines the riskiness (and hence the

expected return) of the asset. In this regard it is known that small number of common factors can

account for a large proportion the evolution of exchange rates over time (Verdelhan, 2011), and

these factors remain signi�cant and quantitatively important after controlling for macroeconomic

determinants of exchange rates (Engel, Mark and West, 2012). The importance and signi�cance of

these factors after conditioning on the fundamentals suggests that systematic variation in exchange

rates is not accounted for in bilateral relations implied by two-country exchange rate models. A

further deepening of our understanding of exchange rates along these lines, however, is obstructed

by a lack of identi�cation of these sources of systematic variation. This paper provides such an

identi�cation.

We identify the euro/dollar, Swiss-franc/dollar and yen/dollar exchange rates as empirical coun-

terparts to three common factors extracted from a panel of 27 exchange rates against the U.S. dollar.

Due to the euro�s and yen�s dominance in foreign exchange trading and the safe-haven role of the

yen and the Swiss franc, our identi�cation makes a certain amount of sense. We then demonstrate

the usefulness of this identi�cation by embedding these key currencies within a fundamentals-

based prediction framework. The forecasts obtained from this multilateral exchange rate model

improve upon the conventional bilateral model, and forecasts impressively beat the random walk.

To partially preview our results, an out-of-sample forecasting exercise from January 2005 through

December 2012 results in Theil�s U-statistic values that are less than one for 18 out of 27 currencies

at the 12-month horizon and for 25 out of 27 currencies at the 24-month horizon (see Table 6).

Our approach utilizes the factor analytic approach adopted by others for modeling exchange

rates (e.g., Bai and Ng, 2004; Moon and Perron, 2005; Verdelhan, 2011; Engel, Mark and West,

2012). We go one step further by identifying empirical counterparts to the estimated common

factors. In contrast to other asset markets (such as stock and bond markets), only a handful of

currencies play a dominant role in foreign exchange transactions, suggesting that certain currencies

may be acting as �vehicle currencies�(Krugman, 1980; Devereux and Shi, 2013) for investment in

currency-speci�c assets or international trade. Our identi�cation con�rms that a subset of certain
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currencies can indeed account for the systematic variation in the panel of exchange rates.

Ever since Meese and Rogo¤ (1983) initiated the research on out-of-sample �t/forecasting that

has become standard procedure for exchange-rate model validation, work in this area has discovered

(at least) three things. First, the particular time-period of the sample matters. Fundamentals-

based models exhibited good ability to forecast exchange rates during the 1980s and early 1990s

(Mark, 1995 and Chinn and Meese, 1995) but that predictive ability declined as observations from

the 1990s and 2000s became available (Groen, 1999, Cheung et al., 2005). Second, the choice

of fundamentals seems to matter. Earlier research focused on monetary and purchasing power

parity (PPP) fundamentals and more recent work has incorporated monetary policy endogeneity

via interest rate feedback rules (Molodtsova and Papell, 2009 and Molodtsova et al., 2008, 2011).

Although there are institutional reasons to favor the Taylor-Rule approach, Engel, Mark and West

(2007) conclude that while such models have some power to beat the random walk at long horizons,

the results appear to be the strongest under PPP fundamentals. Third, sample size seems to matter.

Rapach and Wohar (2001) and Lothian and Taylor (1996) report predictive power when working

with relatively long time-series data sets by using observations extending back in time. To increase

sample size while staying within the post Bretton Woods �oating regime, a �rst-generation of

papers (Mark and Sul, 2001, Rapach and Wohar, 2004, and Groen, 2005) found some predictive

power using panel-data prediction methods.

We incorporate these lessons into the present paper �rst by sampling only exchange rates

under the �euro�epoch. Forecasts of exchange rates since January 1999 have had more di¢ culty in

beating the random walk than in some earlier periods so we are restricting our analysis to a relatively

challenging time in terms of predictability. Second, we assess the value-added of the multilateral

approach by comparing it against the predictions of relatively successful PPP fundamentals. Third,

we exploit panel data but in the fashion of recent work that has employed factor analysis. The

importance and signi�cance of the factors that we �nd after conditioning on the fundamentals

suggests that there are important omitted variables that move exchange rates and which is not

accounted for in bilateral relations implied by two-country exchange rate models. Evans (2012)

refers to these unobserved components as �dark matter�. But without an identi�cation of the factors

in terms of speci�c economic variables, it is not obvious how to address this dark matter. Hence,

the identi�cation provided by our paper can potentially help solve the exchange rate disconnect

puzzle (Obstfeld and Rogo¤, 2000) by informing future work on how to restructure exchange rate

models.

The remainder of the paper is organized as follows. In the following section we present our results

for the estimation of the factor model, and identify the common factors. In section 3 we embed the

identi�ed factors within the PPP fundamentals bilateral model to obtain a multilateral PPP. We
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show that the key currencies account for a substantial proportion of the variation in exchange rates,

even after conditioning on macroeconomic fundamentals. Using both in-sample and out-of-sample

evaluation techniques, we demonstrate that the multilateral PPP has signi�cant explanatory power

over short horizons. Section 4 concludes. Additional empirical results are contained in an online

appendix.

2 Common Factors in Exchange Rate Variation

This section develops the factor structure that guides our empirical work. Factor models provide

a tractable method for modeling systematic variation in asset prices. As in Engel, Mark and West

(2012) but in contrast to other work with factors (e.g., Stock and Watson, 2002, 2006), our factors

are extracted only from the exchange rate data and not from additional variables.

Let the log nominal exchange rates fsi;tgNi=1 be driven by r unobserved common factors f�1;t;�2;t;
: : : ; �r;tg via a conventional factor structure of the form

si;t =
Pr
j=1 �j;i�j;t + s

o
i;t = �

0
i�t + s

o
i;t: (1)

We make the standard identifying restriction that the factors �t are orthogonal to the idiosyncratic

component soi;t: Common variation in the exchange rates is generated through �
0
i�t. The sensitivity

of the ith currency to the common factors is governed by the magnitude of the factor loadings

f�1;t; �2;t; : : : ; �r;tg. The magnitude of these loadings tell us the degree of systematic variation in
the currency, and therefore are important to an asset pricing view of exchange rates. soi;t can either

be a stationary process or, as is more likely the case, a unit-root process.

We brie�y mention related work on exchange rates using factor analysis. Engel, Mark and West

(2012) construct common factors from the exchange rates of 17 OECD countries. They assumed

that soi;t is I (0) so that si;t is cointegrated with Ft, which they took to be a measure of the nominal

exchange rate�s central tendency. Their analysis identi�ed three common factors and employed

them in the predictive regression

si;t+h � si;t = �i + �
�
si;t � �0i�t

�
+ errori;t+h

Using quarterly data from 1973 to 2007, they �nd that point predictions of the factor-based forecasts

dominate random walk forecasts in mean-square error although they are not generally statistically

signi�cant. Lustig et al. (2011) are not interested in exchange rates per se but are interested in

common factors driving excess currency returns (i.e., ex post deviations from uncovered interest

parity) associated with the carry trade. In their analysis, the dominant factor is a global risk

factor that is closely related to changes in volatility of equity markets around the world. Verdelhan
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(2011) extends those ideas to explaining exchange rate variation over time but he does not engage

in forecasting.

2.1 Data

Our sample consists of 27 monthly exchange rates expressed as local currency prices of the U.S.

dollar. We use the currencies of Australia, Brazil, Canada, Chile, Columbia, the Czech Republic,

the Euro, Hungary, Iceland, Israel, India, Japan, Mexico, Norway, New Zealand, the Philippines,

Poland, Romania, Singapore, South Africa, South Korea, Sweden, Switzerland, Taiwan, Thailand,

Turkey, and the U.K. Because of the important role played by the euro in international �nance,

we begin the sample in January 1999 to draw observations only under the euro epoch. As seen

in Table 3, the euro has consistently been the second most important currency (behind the U.S.

dollar) in terms of foreign exchange market turnover. Although the time-span of our sample is

relatively short, it does not extend across di¤erent regimes or institutional structures and is covers

a period in which out-of-sample prediction has been a challenge. The sample ends in December

2012.

Currency selection is based on data availability and whether or not the selected country has

maintained a �oating exchange rate system over the sample period. Currencies included in the

sample were consistently classi�ed as either ��oating� or �managed �oating without a predeter-

mined path� in the IMF Annual Report on Exchange Arrangements and Exchange Restrictions.1

Exchange rates are expressed as monthly averages and were obtained from IHS Global insight. For

the purchasing power parity regressions to follow, we obtain consumer price indices of the associ-

ated regions from the OECD economic indicators and IHS Global Insight. For New Zealand and

Australia, monthly consumer price indexes are not available so they are estimated by take a linear

interpolation using quarterly consumer price indexes.

2.2 Estimation

Because both the factors �t and idiosyncratic components soi;t may be unit root processes we must

�rst-di¤erence the panel before estimating the factor structure. Since si;t denotes the log of the

exchange rate, by taking �rst di¤erences of (1) we obtain exchange rate returns as follows

�si;t =
Pr
j=1 �j;i��j;t +�s

o
i;t =

Pr
j=1 �j;iFj;t +�s

o
i;t; (2)

1The IMF report does not cover Taiwan since it is not part of the IMF. We include it in the sample however since

the central bank of Taiwan states it uses a managed �oating regime. In any case, the standard deviation of monthly

returns of the USD/New Taiwan dollar is 1.20%, which is of similar order of magnitude as that of the Thai Bhat

1.47%, which has consistently been classi�ed as a "managed �oat with no pre-determined path" by the IMF.
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where � denotes the �rst-di¤erence operator, viz �si;t = si;t+1 � si;t and Fj;t = ��j;t: The (�rst-
di¤erenced) common factors can then be consistently estimated from �si;t (up to a linear rotation)

using standard methods such as principal components (Bai, 2003).

In order to �t the factor model to the exchange rate data we must �rst establish the number

of underlying common factors r. We estimate r by using the Bai and Ng (2002) ICp information

criteria. We standardize each �rst-di¤erenced time series in the panel (so that each time series is

demeaned and has unit variance) before applying the criteria. This ensures that the time series are

stationary and that any excessive heteroskedasticity in an individual time series does not lead to

spurious estimation of the common factors. The ICp1 and ICp3 criteria select 3 factors, while the

ICp2 selects two common factors. To guard against under�tting the model, we proceed with three

common factors. Note that Engel, Mark and West (2012) also conclude there are three factors

underlying nominal exchange rates, while Bai and Ng (2004) and Moon and Perron (2005) �nd

three factors underlying real exchnage rates.

Figure 1 exhibits the estimated common factors. Common factors are estimated by applying

principal components to the �rst-di¤erenced and standardized data. We plot the integrated esti-

mated factors from the �rst-di¤erenced data (i.e., �̂j;t =
Pt
s=1 F̂j;s), which evolve smoothly and

correspond to the log-level of the exchange rate. We see that there are periods, such as in the initial

stages of the crisis (around 2009), when the factors exhibit some covariation. The estimated factors

have the appearance of unit root processes and sometimes appear to trend together although their

turning points do not coincide very tightly.2

A quick assessment of the importance of the common factors in driving exchange rates is ob-

tained by decomposing the variance of the returns into contributions from the factors. Under

principal components estimation the estimated common factors are mutually orthogonal and or-

thogonal to the residual. Thus we can decompose the variation in exchange rate returns into (r + 1)

separate components:

Var (�si;t) =
Pr
j=1Var

�
�̂j;iF̂j;t

�
+Var

�
�ŝoi;t

�
: (3)

For each exchange rate return we express the variance of the components as a proportion of the

total variance. The decomposition is reported in Table 1.

The proportion of variation explained by the common factors is large: 64 percent on average

across all exchange rates. Excepting the Icelandic, Israeli, South African and Turkish currencies, the

factor model accounts for more than half the variation in the individual exchange rates. However,

there is a tremendous amount of heterogeneity in the explanatory power of the individual factors.

2We estimate the �rst three common factors with the �rst di¤erence and standardized data, and then take

cumulative sum of the estimated common factors. After that, we standardize both these cumulated common factors

and the key bilateral exchange rates.
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The �rst common factor accounts for over 50 percent of the variation in European countries (except

Iceland), and it also accounts for over half the variation in the Australian, New Zealand, Singaporean

and Korean currencies. The �rst and second factors explain much of the variation in the Latin

American countries (Chile, Mexico, Brazil and Colombia) as well as some European countries (Euro,

Switzerland, and Czech). The third common factor seems to play an important role only to the

East Asian countries (except for South Korea).

2.3 Identi�cation of the Common Factors

A primary impediment to using the factor structure to inform exchange rate modeling is the lack

of identi�cation of the factors. In this section we identify empirical counterparts to the estimated

common factors from the preceding section.

There are potentially many macro and �nancial variables that can in�uence bilateral exchange

rates. In order to narrow our search we consider whether a small handful of the currencies them-

selves can account for the systematic variation embodied in the estimated common factors. In

contrast to other asset markets (such as stock and bond markets), only a handful of currencies

play a dominant role in foreign exchange transactions. As demonstrated in Table 3, the �rst seven

currencies �dollar, euro, yen, pound, Swiss franc, Australian dollar and Canadian dollar are on

one side of 89 percent of FX transactions on average. Some of these currencies may represent undi-

versi�able sources of risk in a portfolio, or may be acting as �vehicle currencies�(Krugman, 1980;

Devereux and Shi, 2013) for international trade or investment in currency-speci�c assets. Hence

we consider the exchange rates themselves as the potential true factors.

Identi�cation of the common factors is hampered the fact that the factors can only be identi�ed

up to a linear rotation (the �rotational indeterminacy�problem). To see this, note that the factor

structure can always be re-written as

�si;t = �
0
iR
�1RFt +�s

o
i;t;

for any positive de�nite matrix R. The principal component estimator is consistent (up to a linear

rotation) in the sense that there exists a positive de�nite r � r matrix H such that F̂t � H 0Ft =

Op
�
N�1=2�+Op �T�1� for each t (see Bai, 2003, for a more detailed discussion). Common factors

are therefore estimated using some form of additional identi�cation restriction: For the principal

components estimator, the estimated (or statistical) factors are orthogonal; i.e., T�1
PT
t=1 F̂tF̂

0
t is

a diagonal matrix. This means that even if the true (or �empirical�) factors Ft are correlated with

each other, the statistical (estimated) factors F̂t will not be.

In order to overcome the rotational indeterminacy problem, note that the true factor can be
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rewritten as a function of the estimated statistical factors

Ft = B
0F̂t + "t; (4)

where "t = Ft � B0F̂t and B = H�1: This relationship implies that an empirical factor Fj;t 2 Ft
will be close to a given statistical factor F̂j;t 2 F̂t after controlling for variation in the empirical
factor that is attributable to other estimated factors (i.e. F̂k;t 6= F̂j;t). To measure the distance

between a candidate empirical factor and the statistical factors we consider the marginal R-squared

for each bilateral exchange rate. For example, in order to select the empirical counterpart of the

�rst common factor, we �rst estimate the following regression

�si;t = �i;0 + �i;1F̂1;t + �i;2F̂2;t + �i;3F̂3;t + errori;t;

and then construct the marginal R-squared as follows

MR2i =
(T � 1)�1

PT�1
t=1

�
�̂i;1F̂1;t

�2
(T � 1)�1

PT�1
t=1

�
�si;t � �̂i;0 � �̂i;2F̂2;t � �̂i;3F̂3;t

�2 :
The denominator represents the variance in the ith currency after controlling for the second and

third common factors. The numerator is the variance in the ith currency attributable to the �rst

common factor. The construction of the marginal R-squared is simpli�ed by the fact that the

estimated factors are orthogonal: We do not have to control for the e¤ect of the second and third

common factors on the �rst common factor because the factors are mutually orthogonal.

The marginal R-squared (as de�ned above) is bounded between zero and one. If the �rst factor

is important in explaining the variation of in a given time series, then both the numerator and the

denominator are large, and marginal R-squared is close to one.

Table 2 exhibits the marginal R2s from this approach. The �rst factor is most closely associated

with the USD/euro, with a marginal R2 of 0.90. Figure 2 depicts the integrated �rst estimated

factor against the USD/euro (after controlling for the second and third factors). The strong cor-

relation between the two series is quite apparent. After the USD/euro, the second factor is most

closely associated with the USD/SwissFranc, as shown in the second column of Table 2. The R2

between the series is 0.60. Figure 3 depicts the integrated second estimated factor against the

USD/SwissFranc (after controlling for the �rst and third estimated factors). The third factor is

most closely associated with the USD/yen, as shown in the third column of Table 2. The R2

between the series is 0.50. Figure 4 depicts the integrated second estimated factor against the

USD/yen (after controlling for the �rst and second estimated factors).Overall, the correspondence

between the estimated factors and key currencies is seen to be strikingly close.

To buttress the selection of these key currencies as the empirical factors we perfom the formal

identi�cation method proposed by Parker and Sul (2013). Let Pt = fP1;t; :::; Pm;tg be a set of
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candidates for the true empirical factors. By using the relationship given in (4), if Pj;t 2 Ft; then
the number of the common factors in the residuals from these following regression is zero as N and

T !1:
�si;t = a1iPj;t + �

0
iF̂t;�1 + "i;t;

where F̂t;�1 is a (r � 1)�1 vector containing all but one of the statistical factors, for example F̂t;�1
can be fF̂1;t; F̂2;tg; fF̂1;t; F̂3;tg; or fF̂2;t; F̂3;tg: In the �nite sample, if Pj;t 2 Ft, then the number
of the common factors in the regression residuals "̂i;t with at least one pair of F̂t;�1 must be zero.

Alternatively, if Pj;t =2 Ft; the number of the common factor in "̂i;t is not equal to zero. Thus,
by applying the Bai and Ng (2002) criteria to the residuals we can select an empirical factor. See

Parker and Sul (2013) for a more detailed discussion.

Using the entire set of currencies presents us with a potential size distortion problem, since

there are a total of 3 � n regressions to run. We therefore apply the method using the top six
bilateral exchange rates exhibited in Table 3: The euro, yen, pound, Swiss franc, Australian dollar

and Canadian dollar to USD exchnage rates. (Note this includes the three currencies closest to

the statistical factors, as shown in Table 2.) We apply the identi�cation method for sucessively

increasing subsamples of the dataset: We estimate the number of the common factors from the

residuals from the sample from January 1999 to December 2005, and then recursively update the

sample by each month, which leads to total 85 estimates. For each currency, the frequency of the

zero factor number is reported in the �rst three columns in Table 4, based on applying the Bai and

Ng (2002) ICp2 criteria. The last column in Table 4 reports the proportion of times that an exchange

rate is not found to be a member of the empirical factors. Evidently, across all subsamples three

key currencies �Euro/USD, Yen/USD and Swiss Franc/USD �have been the empirical common

factors.

This identi�cation also makes a certain amount of sense. The euro/dollar and yen/dollar ex-

changes account for the highest and second highest volume of foreign exchange transactions in the

spot market (reported in Table 3) while both the yen and Swiss franc gain importance from the

market perception of them as safe-haven currencies: Ranaldo and Soderlind (2010) identify both

the Swiss franc and yen as safe-haven currencies that appreciate against the U.S. dollar when U.S.

stock prices and interest rates fall and when foreign exchange volatility increases. The second and

third factors may also be related to the �carry trade�risk factor proposed by Lustig et al. (2011):

Both the short and long currencies in the portfolio do not change much over time (Hassan and

Mano, 2013), and the yen and Swiss franc are typical source currencies for �nancing the trade.
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3 A Multilateral Approach to Exchange Rate Determination

Many conventional bilateral models of exchange rates posit that exchange rates si;t evolve ac-

cording to a fundamental value of the exchange rate fi;t. Although si;t may deviate from fi;t

over the short and medium term, over the long term si;t and fi;t follow tha same common trend.

(In econometric terms si;t is cointegrated with fi;t, and qi;t = si;t � fi;t is stationary and hence
mean-reverting.) Common examples of fundamentals-based models include purchasing power par-

ity (PPP), monetary-based models (Mark, 1995) and Taylor Rule models augmented with the real

exchange rate (Moldolstova and Papell, 2008).

The shortcomings of these bilateral models in practice are by now well-known. In addition,

fundamentals-based models often perform poorly when forecasting exchange rates, especially at

short and medium term horizons, and particularly over the period of the euro epoch.3 In this section

we show how these bilateral models of exchange rate determination can be improved by using the

empirical factors identi�ed in the previous section. This is achieved by augmenting conventional

models with economic variables associated with the key currencies, leading to a multilateral model

of exchange rate determination.

3.1 Bilateral Models with Common Factors

We begin by discussing how the presence of a multi-factor structure in exchange rate returns can

lead to the poor �t of bilateral models. A typical fundamentals-based model can be expressed as

follows

�si;t = �i � �iqi;t + vi;t+1; (5)

Provided the deviation qi;t = fi;t � si;t is mean reverting and the exchange rate is not weakly
exogenous, we expect �i > 0 so that the exchange rate si;t moves towards the fundamental value

fi;t.

Under a factor structure such as (2) in exchange rate returns �si;t, much of the variation in

the dependent variable in (5) is common variation driven by common shocks. The model requires

a commensurate amount of common variation in the fundamental qi;t in order to account for this.

This variation is unlikely to be re�ected in the fundamental value of the exchange rate, and this in

turn will lead to low explanatory power of the fundamental and poor model �t.

By identifying the common factors as key currencies we provide a tractable method to incorpo-

rate this common variation into a regression model such as (5). For instructive purposes, suppose

there is a single common factor (the euro/USD) to the panel of exchange rates. Then the common

3This in itself is not refutation of the models per se, since cointegration does not preclude the the exchange rate

from being weakly exogenous. See Engel, Mark and West (2007).
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variation in the panel of exchange rates can be modelled by including the equilibrium deviation of

the euro/USD in the regression equation. Consider

�si;t = �i � �iqi;t + �iqeuro;t + ui;t+1; i 6= euro; (6)

while the equation for the euro is given by

�seuro;t = �euro � �euroqeuro;t + ueuro;t+1: (7)

Because the return on the euro/USD �seuro;t accounts for the common variation in �si;t, the

regression (6) can account for this common variation by including qeuro;t in the regression equation.

Unless qeuro;t is perfectly correlated with qi;t (which seems unlikely), then including qeuro;t as a

regressor increases the explanatory power of the model. Moreover, unless qeuro;t is uncorrelated

with qi;t (which seems equally unlikely), then (5) su¤ers from an omitted variable, and the LS

estimator of �i will be inconsistent.

Under what conditions can we expect the explanatory power of (6) to exceed (5)?4 A su¢ cient

condition is if the speed of adjustment in the key currencies to their economic fundamentals is

di¤erent to that of the local exchange rates (after controlling for the e¤ect of the key currencies on

the local exchange rate). To illustrate this point we must �rst add some additional detail to the

model.

First suppose that qi;t = �iqeuro;t + q
0
i;t, so that qeuro;t is a common factor to the equilibrium

deviations with loading �i. This will be satis�ed, for example, if qi;t is mean-reverting for all i, since

this implies that feuro;t is cointegrated with seuro;t, and thus it must hold that fi;t = �ifeuro;t+ f0i;t
in order for fi;t to be cointegrated with si;t:

qi;t = si;t � fi;t = �i (seuro;t � feuro;t) + s0i;t � f0i;t = �iqeuro;t +
�
s0i;t � f0i;t

�
:

Second, suppose that after controlling for the e¤ects of key currencies, the local exchange rate

follows

�s0i;t = �
0
i � �iq0i;t + u0i;t+1; (8)

where q0i;t denotes the equilibrium deviation qi;t after controlling for �i (seuro;t+1 � seuro;t) = ��i�euroqeuro;t+
�iueuro;t+1: If ueuro;t+1 is uncorrelated over time, we can straightforwardly solve for

q0i;t = qi;t � �iqeuro;t: (9)

Substituting (8) and (9) into (2) we obtain

�si;t =
�
�0i � �i�euro

�| {z }
=�i

��iqi;t � (�euro � �i)�i| {z }
=�i

qeuro;t + �iueuro;t+1 + ui;t+1| {z }
=ei;t+1

(10)

4Note that some measures of in-sample model �t (such as R-squared) for (6) cannot be smaller than (5), since the

former model nests that latter.
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The LS estimator of �i in (5) will be inconsistent due to an omitted variables bias: Note that the

error from (5) satis�es vi;t+1 = �iqeuro;t + ei;t+1, and hence E (qi;tvi;t+1) 6= 0 if �i 6= �euro (so that
�i 6= 0). Thus if the speed of adjustment in the local currency (governed by �i) is di¤erent to that
of the key currency (governed by �euro) we can expect the explanatory power of the bilateral model

to be low. Moreover, the correlation between qeuro;t and qi;t will bias the LS estimator towards zero

if �euro < �i: In other words, if the speed of adjustment in the euro is slower than the speed of

adjustment in the local currency, then we can expect attenuation bias in the LS estimator and the

explanatory power of the model may be close to nil.5

What is the empirical evidence for heterogeneity between currencies in the speed of adjust-

ment? Bai and Ng (2005) and Moon and Perron (2005) �nd that the speed of mean reversion in

the estimated common factors to real exchange rates di¤ers to that of the estimated idiosyncratic

components, suggesting that PPP bilateral regressions will su¤er from the endogeneity outlined

above. Meanwhile Rapach and Wohar (2004) document evidence for heterogeneity in the conven-

tional monetary model. It is likely then that heterogeneity in the speed of adjustment in the key

currencies will generate poor model �t in bilateral models such as (5). Correspondingly we can

expect there to be increases in explanatory power by including qeuro;t in the regression equation

when �i = �euro � �i is large in magnitude. This simple example demonstrates the bene�t of
identifying the common factors to bilateral exchange rate modelling.

3.2 Multilateral Purchasing Power Parity

As a speci�c example we use PPP to demonstrate how the explanatory power of a bilateral

fundamentals-based model can be improved by including information regarding the key curren-

cies. We select PPP since it performs best in the euro epoch (Engel Mark and West, 2007).6 Under

PPP, qi;t in (5) is the real exchange rate, so that

Model 1: �hsi;t = �i;h � �hqi;t + vi;t+h; qi;t = si;t � pi;t + pus;t; (11)

where pi;t denotes the log CPI of currency i, and �h denotes the di¤erence operator over t + h

to t, viz. �hsi;t = si;t+h � si;t. Here h denotes a predictive horizon of interest. Note that the
slope coe¢ cient �h is homogenous across cross sections: Despite potential misspeci�cation, we

5Note that even if qeuro;t does not mean-revert, (10) still holds provided that qi;t = �iqeuro;t + s0i;t � f0i;t. In this
case the probability limit of the LS estimator of (5) will be zero since we are regressing an I (0) variable �si;t on an

I (1) process qi;t. Provided that q0i;t is stationary for i 6= euro, the inconsistency can be corrected by including qeuro;t
in the regression, since qi;t and qeuro;t are cointegrated.

6An additional reason to favor PPP is data availability. For example, only 9 countries report their industrial

production indexes, which would be required to construct a monetary-fundmentals model. In any event, Engel, Mark

and West (2012) �nd that a factor augmented PPP speci�cation performance dominates Taylor rule and monetary

fundamentals.
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impose homogeneity since it typically improves model �t both in and out-of-sample applications,

particularly at short horizons (See Mark and Sul, 2001).

Generalizing (6) to include both the Swiss franc and the yen, we have the multilateral PPP

equation

Model 2: �hsi;t = �i;h � �i;hqi;t + �0i;hGi;t + ei;t+h; (12)

where

�i;h = �h for i 62 feuro; franc; yeng only, (13)

and

Gi;t =

8>>>>><>>>>>:
(qeuro;t; qfranc;t; qyen;t)

0 for i 62 feuro; franc; yeng
(qeuro;t; qfranc;t)

0 for i = fyeng
(qeuro;t; qyen;t)

0 for i = ffrancg
(qfranc;t; qyen;t)

0 for i = feurog

:

In a similar fashion to (12), under (13) we impose homogeneity for local (i.e., non-key) currencies

in order to achieve potential pooling gains in forecast accuracy.

Note that the variables on the right hand side of (12) are observable at time t, and the equation

is a predictive regression. Also, the regressors in (12) are at most only weakly correlated in the

cross section dimension after conditioning on the empirical factors Gi;t. This means that the LS

estimator will converge at the O
�p
NT

�
rate, despite the fact that the error term ei;t+h contains

common shocks.

Inference can however be further sharpened by augmenting the regression with the return on

the key currencies. We therefore also consider a regression of the form

Model 3: �hsi;t = �i + �i;hqi;t + �
0
i;hGi;t + �

0
i;hWi;t+h + ui;t+h; (14)

where �i;h is subject to the local currency pooling restriction (13), and

Wi;t+h =

8>>>>><>>>>>:
�h (seuro;t+h; sfranc;t+h; syen;t+h)

0 for i 62 feuro; franc; yeng
�h (seuro;t+h; sfranc;t+h)

0 for i = fyeng
�h (seuro;t+h; syen;t+h)

0 for i = ffrancg
�h (sfranc;t+h; syen;t+h)

0 for i = feurog

Because the regression contains explanatory variables observed at time t + h, the regression is no

longer predictive. However, the LS estimator of the slope coe¢ cient in (14) will be more precise

than that of (12) since variation in the error term of (14) is smaller. Thus, although LS estimators

of either (12) or (14) are free from omitted variable bias, we can expect the LS estimator of (14)

to yield a more precise estimate of the slope coe¢ cient.
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Table 5 exhibits the estimation results on the slope coe¢ cients in regressions of equations (11),

(12) and (14). t-statistics are constructed to take into account both time series and cross sectional

heteroskedasticity and correlation by using HAC estimators of the coe¢ cient covariance. For all

models there is a moving average structure of order h� 1 induced by the overlapping observations
(overlapping in the time series dimension). This is addressed by using a Newey West covariance

estimator. Cross-sectional correlation is also a concern. For model 1 (11) there is strong-form cross

sectional correlation in both the errors and the regressors due to the omitted factor structure; this

is addressed by clustering the Newey West estimator for each time series (see (19) in the appendix).

For model 2 (12) the regressors are cross sectionally uncorrelated after conditioning on Gi;t, so that

cross sectional correlation does not e¤ect the estimator of the variance. A simple panel Newest

West estimator is used (see (18) in the appendix). For model 3 (14) both the regressors and the

errors are cross sectionally uncorrelated after conditioning on Gi;t and Wi;t+h, so that the panel

Newey-West estimator is applicable.

In all model speci�cations the addition of the empirical factors (i.e., the key currencies) improves

the �t of the PPP model. This is strong evidence in favor of a multilateral approach to exchange

rate determination. t-statistics associated with the coe¢ cient on the real exchange rate tend to be

larger (in modulus) for the models augmented with key currencies compared to conventional PPP.

We refrain from making any formal statistical inference regarding the signi�cance of the coe¢ cient

however: It is well-known that predictive regressions can exhibit substantial �nite sample bias both

in the time series case (Stambaugh, 1999) and in the panel case (Hjalmarsson, 2008).

Model 3 in (14) exhibits the best �t when evaluated by adjusted R-squared. Model 3 in (14)

includes the common sources of variation as regressors: It is not surprising that the adjusted R-

squared is so large. In contrast, models 1 and 2 in (11) and (12) only include regressors that are

predetermined at time t, and hence model �t is much lower, particularly at short horizons less than

3 months.

Note that model �t (re�ected in R-squared) tends to increase with forecast horizon h for all

models. It is a well-recognized empirical �nding that the observed �t of bilateral models tends to

increase with forecast horizon. However, note that the increase in model �t as h increases (re�ected

in the increase in R-squared) is far greater for the models that include the real exchange rate of

the key currencies as regressors. This suggests a substantial bene�t to including common sources

of exchange rate variation in bilateral models, particularly when modelling short to medium term

returns. This is validated in the forecasting exercise to follow.
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3.3 Pseudo Out-of-Sample Forecasting

In this section we demonstrate that signi�cant increases in pseudo out-of-sample forecast accuracy

can be achieved by embedding the key currencies within the PPP fundmentals-based bilateral model

of exchange rate determination. The pseudo out-of-sample forecasting exercise provides a more

stringent evaluation of the multilateral exchange rate model than in-sample prediction: Experience

has shown that models with good in-sample performance often do not perform well pseudo out-

of-sample. The pseudo out-of-sample forecasting exercise is not intended to be a replication of

how a forecaster would have faired using the empirical methods presented in this paper at various

points in history; nor should it be interpreted as such.7 For more discussion on the use of pseudo

out-of-sample forecasting as a more stringent model evaluation technique, we refer the reader to

Stock and Watson (2008).

We consider forecasts generated from the conventional bilateral PPP (model 1 in (11)), the

multilateral PPP predictive regression (model 2 in (12)), and random walk forecasts.

For the conventional bilateral PPP (model 1 in (11)) we forecast the exchange rate at time

S + h as follows:

ŝi;S+h = si;S + �̂i;h + �̂hqi;S ; (15)

where �̂i;h and �̂h are the OLS estimates of �i;h and �h obtained from data spanning t = 1; : : : ; S.

We also consider estimating (11) without the homogeneity restriction, so that �h becomes �i;h: In

this case LS estimation boils down to separate time-series estimation for each currency. We report

these results in the online appendix.

We estimate multilateral PPP (model 2 in (12)) subject to the homogeneity restriction given in

(13). Thus we pool only between the exchange rates that are not key currencies: As discussed above,

it is precisely when the key currencies exhibit heterogeneity in the speed of adjustment that we ex-

pect the factor-augmented regressions to have large explanatory power. For i 2 feuro; franc; yeng
we estimate a separate time series regression for each currency. We then forecast the exchange rate

at S + h as follows:

ŝi;S+h = si;S + �̂i;h + �̂i;hqi;S + �̂
0
i;hGi;S : (16)

Here �̂i;h; �̂i;h and �̂i;h are the OLS estimates of �i;h, �i;h and �i;h obtained from data spanning

t = 1; : : : ; S. We also consider estimating (12) without the homogeneity restriction, so that �h
becomes �i;h: In this case LS estimation boils down to separate time-series estimation for each

currency. Note that for the key currencies, there is no di¤erence in estimation when the homogeneity

restriction is imposed. We report these results in the online appendix.

7Such an exercise would prove di¢ cult. The monthly price index data is published by statistical agencies at a lag

and are subject to periodic revision. The data we are using to produce a forecast in say December 2008 may not be

the data that would have been available in December 2008 to a forecaster.
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As a baseline comparison we also produce random walk (RW) forecasts both with and without

a drift. The pure RW is given by

ŝi;S+h = si;S ;

while the RW with drift is given by

ŝi;S+h = si;S + �̂i;h, (17)

where �̂i;h is the OLS estimate of �hsi;t = �i;h + errori;t+h:

We generate forecasts from all six models at horizons h = 1; 2; : : : ; 24 and for each month from

January 2005 through December 2012. (So the 1-month forecast of January 2005 is generated using

data up to December 2004, while the 24-month forecast of Jan 2005 is generated using data up to

January 2003.) Thus the number of forecasts we make is independent of the forecast horizon h.

We consider both a recursive and a rolling forecast scheme. Under the recursive scheme, the

models are re-estimated using all available data at the time of the forecast: That is the full set of

data spanning t = 1; : : : ; S. So the forecast of January 2009 is generated from a model using data

beginning in January 1999. Under the rolling scheme, the models are re-estimated using only the

data available over the preceding 60 months: That is from t = S� 60+ 1; : : : ; S. So the forecast of
January 2009 is generated from a model using data beginning in January 2004. Under the rolling

scheme 60�h time series observations are used in the estimation of the models. However, we report
the results for the recursive forecasts in the online appendix. As discussed below, under the rolling

forecast scheme the performance of the multilateral PPP forecast is much better, both in absolute

terms and relative to the other forecasts.

We use Theil�s U-statistic to compare the forecast accuracy of two di¤erent models:

U
(a;b)
i;h =

P�1
PP
s=1

�
ŝai;s+h � si;s+h

�2
P�1

PP
s=1

�
ŝbi;s+h � si;s+h

�2 ;
where ŝai;s+h and ŝ

b
i;s+h denote the forecasts of the exchange rate of models a and b, respectively.

The numerator is thus the mean square forecast error (MSFE) of model a, while the denominator

is the MSFE of model b.

Throughout our applications it is typical that model a nests model b. Interpreting MSFE as

an estimator of the true (or population) MSFE of the model, Clark and West (2007) argue that

this leads to greater bias in the MSFE of larger models than smaller models due to the fact that

the larger model has more parameters to be estimated with the same amount of data. Clark and

West (2007) therefore propose an adjusted MSFE to account for this bias. This adjustment is

particularly appropriate when using out-of-sample loss as a basis for model evaluation (as it is in
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the current application). The Clark and West adjusted U-statistic is given by

~U
(a;b)
i;h =

P�1
PP
s=1

�
ŝai;s+h � si;s+h

�2
� P�1

PP
s=1

�
ŝai;s+h � sbi;s+h

�2
P�1

PP
s=1

�
ŝbi;s+h � si;s+h

�2 :

To test whether model a has a lower MSFE than model b we employ Clark and West�s (2007) test

of equal MSFEs from nested models. Speci�cally, the null hypothesis is

H0 : ~U
(a;b)
i;h < 1;

where ~U (a;b)i;h denotes the U-statistic based on the population MSFE.

Table 6 exhibits the U-statistics for assessing the accuracy of conventional PPP forecast (15)

against the multilateral PPP forecast (16). Both forecasts have the pooling restriction imposed.

Entries less than one indicate that conventional PPP has a lower MSFE. Bold face font indicates

that the null hypothesis was rejected at the 10% signi�cance level.

Approximately half of the adjusted U-statistics are less than one at the one month horizon.

At the three month horizon, the adjusted U-statistics are less than 1 for 24 of the 27 currencies;

under half (10 cases) of these are statistically less than one at the 10% level. At the 6 month

horizon all U-statistics are less than 1, and over half (14 cases) are statistically less than one at the

10% level. By the 24 month horizon, all only 2 of the 27 currencies have U-statistics that are not

statistically indistinguishable from 1. Using the pseudo out-of-sample forecasting performance as a

model evaluation technique strongly suggests that the multilateral model does a better job of the

bilateral model.

How do the multilateral PPP forecasts compare to the random walk forecast? Table 7 reports

the adjusted U-statistics comparing the pooled multilateral PPP � (16) subject to the pooling

restriction in (13) �against the random walk with drift forecast (17).8 The average adjusted U-

statistic (across currencies) at the one month horizon is less than one, but is only statistically less

than one for �ve of the currencies (at the 10% signi�cance level). At the six month horizon, more

than half (15 cases) of the currencies have U-staistics that are statistically less than one at the 10%

level; at the 12 month horizon all but four currencies have U-statistics that are statistically less

than one.

In the online appendix we report many more additional results. The advantage of mulitlateral

PPP relative to bilateral PPP remains when we do not impose homogeneity on the slope coe¢ cient

of the PPP regression. The advantage of multilateral PPP relative to both bilateral PPP and

the random walk (with drift) forecasts increases signi�cantly when we use the rolling forecasting

8We use the random walk with drift as our benchmark as it tends to perform better in our sample. Results for

the pure random walk are available upon request.
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scheme. Indeed, the performance of the multilateral PPP forecasts improves in absolute terms

under the rolling forecasting scheme.

4 Conclusion

Common factors obtained by statistical factor analysis from exchange rates are known to �explain�

currency price movements even after controlling for standard bilateral macroeconomic fundamen-

tals. One implication is that conventional two-country exchange rate models cannot deliver sat-

isfactory predictions about exchange rate determination. The development of a deeper structural

understanding of exchange rate dynamics, however, is hindered by the lack of identi�cation of these

common factors.

In this paper, we provide an identi�cation of the common factors and argue that the empirical

factors are themselves exchange rates of the euro, the Swiss franc, and the yen against the U.S.

dollar. This identi�cation also makes economic sense. The euro and yen because the trading of

those currencies dominate the foreign exchange market, and the Swiss franc and the yen because

the market views them as safe-haven currencies. Beyond identi�cation, we show that the explana-

tory and predictive power of the empirical factors are both quantitatively large and statistically

signi�cant during a sample period that has posed a challenge for exchange rate prediction.

Our �ndings leave two important tasks in open-economy macroeconomics. First, macro model-

ers should design a mechanism how to control for the role of the key currencies when using bilateral

models of exchange rates. Although we have focused only on a simple PPP model in this paper,

richer models may yield even more explanatory power. Second, empirical economists should re-

examine traditional theories by re�ecting on the role of the key currencies on bilateral exchange

rates. We hope that this paper opens the new empirical and theoretical opportunities.
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Figure 1: Integrated estimated common factors
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Figure 2: Identi�cation of 1st common factor
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Figure 3: Identi�cation of 2nd common factor.
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Figure 4: Identi�cation of 3rd common factor.

20



Table 1: Variance Decomposition

Currency 1st Factor 2nd Factor 3rd Factor Total

Australia 0.71 0.03 0.02 0.76

Brazil 0.29 0.24 0.00 0.52

Canada 0.49 0.07 0.02 0.58

Chile 0.38 0.14 0.03 0.55

Colombia 0.30 0.21 0.00 0.51

Czech 0.68 0.14 0.02 0.84

Hungary 0.78 0.03 0.03 0.84

Iceland 0.36 0.00 0.04 0.40

India 0.42 0.11 0.02 0.54

Israel 0.29 0.00 0.01 0.30

Mexico 0.28 0.34 0.04 0.67

NZ 0.59 0.01 0.01 0.61

Norway 0.69 0.06 0.03 0.78

Philippines 0.24 0.13 0.17 0.53

Poland 0.70 0.00 0.04 0.74

Romania 0.59 0.02 0.01 0.63

Singapore 0.67 0.02 0.09 0.77

S. Africa 0.37 0.02 0.00 0.40

S. Korea 0.53 0.08 0.03 0.64

Sweden 0.78 0.07 0.02 0.86

Taiwan 0.43 0.00 0.16 0.60

Thailand 0.39 0.01 0.28 0.68

Turkey 0.27 0.14 0.00 0.41

UK 0.56 0.06 0.04 0.65

Euro 0.71 0.19 0.01 0.92

Switzerland 0.54 0.28 0.00 0.82

Japan 0.03 0.27 0.35 0.65

Average 0.48 0.10 0.05 0.64

Proportion of variance in monthly returns explained by estimated factors
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Table 2: Common Factor Identi�cation: Marginal R2

Currency 1st Factor 2nd Factor 3rd Factor

Australia 0.75 0.11 0.07

Brazil 0.38 0.33 0.01

Canada 0.54 0.14 0.04

Chile 0.46 0.23 0.05

Colombia 0.38 0.30 0.01

Czech 0.81 0.48 0.12

Hungary 0.83 0.16 0.15

Iceland 0.38 0.00 0.07

India 0.47 0.19 0.03

Israel 0.29 0.00 0.01

Mexico 0.46 0.51 0.11

NZ 0.60 0.01 0.03

Norway 0.76 0.23 0.11

Philippines 0.34 0.21 0.26

Poland 0.73 0.01 0.13

Romania 0.61 0.06 0.03

Singapore 0.74 0.07 0.27

S. Africa 0.38 0.04 0.00

S. Korea 0.60 0.19 0.07

Sweden 0.85 0.34 0.11

Taiwan 0.52 0.01 0.28

Thailand 0.55 0.02 0.46

Turkey 0.31 0.19 0.00

UK 0.62 0.14 0.11

Euro 0.90 0.70 0.14

Switzerland 0.75 0.61 0.01

Japan 0.09 0.43 0.50
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Table 3: Top 10 currencies ranked by global foreign exchange market turnover

percentage shares of average daily turnover

1998 2001 2004 2007 2010 2013 average

US dollar 86.8 89.9 88 85.6 84.9 87 87.0

Euro ... 37.9 37.4 37 39.1 33.4 37.0

Yen 21.7 23.5 20.8 17.2 19 23 20.9

Pound 11 13 16.5 14.9 12.9 11.8 13.4

Swiss Franc 7.1 6 6 6.8 6.3 5.2 6.2

Australian dollar 3 4.3 6 6.6 7.6 8.6 6.0

Canadian dollar 3.5 4.5 4.2 4.3 5.3 4.6 4.4

Swedish Krona 0.3 2.5 2.2 2.7 2.2 1.8 2.0

Hong Kong dollar 1 2.2 1.8 2.7 2.4 1.4 1.9

Norwegian Krone 0.2 1.5 1.4 2.1 1.3 1.4 1.3

Other 65.4 14.7 15.7 20.1 19 21.8 20.0

Total 200 200 200 200 200 200 200
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Table 4: Identi�ciation of Unknown Empirical Factors

Currency Factor number with regressors Prob[Pjt =2 Gt]
fF̂1t; F̂2tg fF̂1t; F̂3tg fF̂2t; F̂3tg

Euro 0 0.612 0 0

Yen 0 1 1 0

Pound 0.318 1 1 0.318

Swiss Franc 0.412 0.706 0.024 0.024

Australian Dollar 0.200 1 1 0.200

Canadian Dollar 0.729 1 1 0.729
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Table 5: In-sample model evaluation

coe¢ cient t-statistics adjusted R-squared

predictive horizon (months) M1 M2 M3 M1 M2 M3 M1 M2 M3

1 0.00 -0.03 -0.03 -0.10 -15.09 -24.42 -0.01 0.02 0.36

2 -0.02 -0.07 -0.08 -0.22 -20.65 -37.34 0.00 0.05 0.42

3 -0.03 -0.12 -0.13 -0.26 -23.28 -43.81 0.00 0.08 0.47

6 -0.08 -0.26 -0.28 -0.32 -28.13 -62.69 0.01 0.17 0.58

9 -0.12 -0.37 -0.43 -0.35 -30.34 -76.64 0.03 0.25 0.62

12 -0.15 -0.48 -0.60 -0.38 -34.65 -95.08 0.04 0.34 0.67

15 -0.18 -0.57 -0.70 -0.42 -38.05 -107.76 0.04 0.42 0.71

18 -0.22 -0.65 -0.79 -0.49 -40.17 -116.56 0.05 0.48 0.76

21 -0.26 -0.69 -0.88 -0.59 -39.82 -132.90 0.06 0.53 0.81

24 -0.31 -0.72 -0.94 -0.72 -40.76 -158.01 0.08 0.55 0.84

M1 denotes conventional bilateral PPP (11)

M2 denotes multilateral PPP augmented with key currency real exchange rates (12)

M3 denotes multilateral PPP augmented with key currency real exchange rates and nominal returns (14)
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Table 6: Recursive Out-of-sample Forecasts:

Adjusted U-statistics for pooled multilateral PPP vs. pooled bilateral PPP.

Forecast Horizon (months)

Currency 1 3 6 9 12 15 18 21 24 Mean

Australia 1.009 0.944 0.834 0.747 0.544 0.344 0.262 0.271 0.320 0.625

Brazil 0.921 0.896 0.760 0.483 0.245 -0.035 -0.225 -0.504 -0.743 0.269

Canada 1.011 0.974 0.897 0.835 0.616 0.331 0.108 -0.057 -0.106 0.559

Chile 0.973 0.871 0.639 0.350 0.176 -0.010 -0.103 -0.198 -0.089 0.353

Colombia 0.967 0.870 0.663 0.449 0.347 0.174 0.021 -0.116 -0.258 0.405

Czech 0.968 0.904 0.788 0.717 0.416 0.175 0.094 0.060 0.017 0.508

Hungary 1.000 0.951 0.884 0.848 0.557 0.269 0.134 0.113 0.057 0.579

Iceland 0.983 0.943 0.907 0.779 0.541 0.341 0.180 0.061 -0.021 0.568

India 1.004 1.002 0.983 0.864 0.775 0.677 0.538 0.439 0.339 0.762

Israel 1.023 0.972 0.807 0.678 0.621 0.439 0.398 0.343 0.293 0.657

Mexico 1.006 0.904 0.743 0.591 0.523 0.526 0.505 0.430 0.320 0.650

NZ 1.000 0.953 0.851 0.730 0.494 0.272 0.176 0.170 0.168 0.579

Norway 1.009 0.938 0.795 0.718 0.568 0.395 0.298 0.274 0.278 0.626

Philippines 0.895 0.911 0.801 0.700 0.522 0.358 0.254 0.085 -0.021 0.542

Poland 0.991 0.906 0.729 0.519 0.359 0.297 0.327 0.297 0.278 0.565

Romania 0.820 0.657 0.506 0.354 0.079 -0.135 -0.260 -0.267 -0.239 0.224

Singapore 1.023 1.049 0.940 0.889 0.818 0.676 0.545 0.550 0.564 0.810

S. Africa 1.018 0.884 0.699 0.544 0.132 -0.155 -0.228 -0.171 -0.042 0.364

S. Korea 1.003 0.964 0.905 0.769 0.566 0.310 0.085 -0.017 0.004 0.558

Sweden 1.001 0.904 0.760 0.659 0.378 0.115 -0.009 0.027 0.109 0.490

Taiwan 0.922 0.757 0.588 0.502 0.453 0.336 0.230 0.126 0.004 0.477

Thailand 0.979 0.946 0.764 0.654 0.562 0.504 0.406 0.371 0.318 0.647

Turkey 0.783 0.526 0.147 -0.294 -0.527 -0.584 -0.637 -0.589 -0.478 -0.100

UK 0.997 0.919 0.771 0.677 0.545 0.384 0.287 0.198 0.123 0.586

Euro 1.005 0.904 0.724 0.694 0.336 0.026 -0.117 -0.118 -0.130 0.429

Switzerland 1.045 0.978 0.863 0.895 0.786 0.658 0.560 0.565 0.539 0.790

Japan 1.030 1.007 0.785 0.619 0.660 0.699 0.722 0.771 0.720 0.803

Average 0.977 0.905 0.761 0.628 0.448 0.274 0.169 0.115 0.086

U-statistics adjusted using the Clark-West (2007) correction for nested models.

Bold font indicates table entries are less than 1 at the 10% signi�cance level.
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Table 7: Recursive Out-of-sample Forecasts:

Adjusted U-statistics for pooled multilateral PPP vs. Random Walk with drift

Forecast Horizon (months)

Currency 1 3 6 9 12 15 18 21 24 Mean

Australia 1.026 1.000 0.929 0.878 0.762 0.628 0.498 0.429 0.289 0.745

Brazil 0.908 0.873 0.673 0.354 0.120 -0.136 -0.285 -0.458 -0.603 0.233

Canada 1.028 0.998 0.922 0.878 0.769 0.616 0.445 0.302 0.186 0.715

Chile 0.976 0.873 0.595 0.233 0.003 -0.193 -0.297 -0.389 -0.365 0.236

Colombia 0.962 0.859 0.583 0.287 0.195 0.109 0.052 -0.045 -0.207 0.372

Czech 0.973 0.827 0.565 0.290 -0.097 -0.351 -0.408 -0.415 -0.542 0.175

Hungary 1.010 0.933 0.798 0.642 0.329 0.045 -0.067 -0.097 -0.300 0.426

Iceland 0.990 0.934 0.884 0.753 0.556 0.364 0.185 0.004 -0.184 0.545

India 1.011 0.971 0.875 0.712 0.604 0.492 0.354 0.196 0.004 0.620

Israel 1.018 0.939 0.691 0.492 0.318 0.038 -0.079 -0.152 -0.198 0.405

Mexico 1.002 0.877 0.682 0.508 0.417 0.380 0.289 0.094 -0.175 0.501

NZ 1.020 1.005 0.938 0.845 0.709 0.528 0.354 0.224 -0.065 0.657

Norway 1.018 0.939 0.778 0.646 0.510 0.401 0.360 0.195 -0.061 0.577

Philippines 0.873 0.827 0.543 0.322 0.125 0.028 0.056 -0.009 -0.095 0.354

Poland 0.994 0.875 0.632 0.360 0.179 0.152 0.268 0.352 0.355 0.510

Romania 0.813 0.732 0.639 0.550 0.366 0.229 0.151 0.186 0.238 0.468

Singapore 1.024 1.029 0.835 0.707 0.589 0.434 0.324 0.372 0.357 0.671

S. Africa 1.031 0.951 0.832 0.765 0.473 0.169 -0.012 -0.129 -0.388 0.468

S. Korea 1.009 0.970 0.895 0.771 0.602 0.402 0.205 0.062 0.002 0.591

Sweden 1.010 0.923 0.790 0.703 0.500 0.277 0.084 -0.095 -0.304 0.485

Taiwan 0.911 0.691 0.390 0.071 -0.245 -0.600 -0.730 -0.688 -0.644 -0.003

Thailand 0.980 0.937 0.673 0.459 0.326 0.290 0.231 0.224 0.164 0.525

Turkey 0.776 0.612 0.328 -0.090 -0.334 -0.413 -0.485 -0.461 -0.323 0.031

UK 1.004 0.923 0.765 0.672 0.548 0.375 0.230 0.042 -0.155 0.537

Euro 1.015 0.911 0.726 0.639 0.313 -0.001 -0.216 -0.413 -0.655 0.329

Switzerland 1.050 0.981 0.877 0.877 0.777 0.695 0.665 0.419 -0.010 0.735

Japan 1.035 0.989 0.729 0.567 0.481 0.357 0.274 0.177 0.034 0.565

Average 0.980 0.903 0.725 0.551 0.367 0.197 0.091 -0.003 -0.135

U-statistics adjusted using the Clark-West (2007) correction for nested models.

Bold font indicates table entries less than 1 at the 10% signi�cance level.
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5 Appendix: Hypothesis Testing

5.0.1 Heteroskedasticity and Correlation Robust Covariance Estimators

Let Xi denote the T �k matrix of regressors used in the panel regression (after partialling out �xed
e¤ects and common factors, where applicable). The panel Newey-West estimator of the estimator

covariance is given by

V̂panel-nw =
�
1
nT

P
iX

0
iXi
��1 1

n

P
i 
̂i;i

�
1
nT

P
iX

0
iXi
��1

; (18)

where 
̂i;j denotes the conventional (time series) Newey-West estimator of the long-run covariance

between fZi;tgTt=1 and fZj;tg
T
t=1, where Zi;t := Xi;t"̂i;t, "̂i;t is the residual from the regression, and

E(Zi;t"i;t) = 0. That is


̂i;j =
1
T

PT
t=1

�
Xi;tX

0
j;t"̂i;t"̂j;t

�
+ 1

T

Ph�1
s=1

�
h�s
h

�PT�s
t=1

�
Xi;tX

0
j;t+s"̂i;t"̂j;t+s +Xj;t+sX

0
i;t"̂i;t"̂j;t+s

�
:

The panel Newey-West estimator is consistent when Zi;t is cross sectionally uncorrelated. This can

occur if Xi;t or "̂i;t is asymptotically cross section independent. Note that V̂panel-nw = Op
�
(nT )�1

�
under standard assumptions.

To permit cross-sectional correlation in Zi;t we use a clustered Newey-West estimator, given by

V̂clus-nw =
�
1
nT

P
iX

0
iXi
��1 1

n2
Pn
i;j=1 
̂i;j

�
1
nT

P
iX

0
iXi
��1

: (19)

Hansen (2007) establishes the consistency of clustered covariance estimators (for the case where

the truncation lag h in (18) is set to 1) when clustering within the dependent dimension of the

sample. Hansen established this result for both strong and weak-form dependence. Generalizing

these results to a clustered Newey West estimator (with a small h � 1) is straightforward, provided
that E ("i;t"i;t+h) = 0; which holds for the multistep regression model when the primitive errors are

independent over time (since this implies that the multistep error follows an MA (h� 1) process
and hence E ("i;t"i;t+h) = 0 ).

The rate at which V̂clus-nw approaches zero depends on the degree of cross sectional correlation.

Because 1
n2
Pn
i;j=1 
̂i;j = O (1) when Zi;t exhibits strong-form cross section dependence (such as

that generated by a factor model), we have V̂clus-nw = Op
�
T�1

�
. Under weak-form correlation

Hansen�s results imply that 1
n

Pn
i;j=1 
̂i;j = O (1).

5.0.2 Pesudo-out-of-sample Fit

The Clark and West test of the null hypothesis that �U (a;b)h < 1 is based on testing whether the

mean of

J
(a;b)
i;s;h =

�
ŝai;s+h � si;s+h

�2 � �ŝai;s+h � sbi;s+h�2 � P�1PP
s=1

�
ŝbi;s+h � si;s+h

�2
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is less than zero. Clark and West (2007) show that

P�1
PP
s=1 J

(a;b)
i;s;h =

r
V
�
P�1

PP
s=1 J

(a;b)
i;s;h

�
a� N (0; 1)

under the null hypothesis that �U (a;b)h = 1. To estimate V
�
J
(a;b)
i;h

�
they suggest using the Newey-

West estimator. We use the estimator with the truncation lag set to be h � 1 since the forecast
errors overlap h� 1 periods.
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