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Abstract: Uncovered interest rate parity is known to perform poorly in forecasting exchange 
rate movements, especially in the short run. One possible reason for this failure is the existence 
of unobservable risk premium. We estimate the unobservable risk premium with a predictive 
system using the implied volatility of at-the-money currency options as an imperfect predictor. 
We find that expected exchange rate changes, constructed from forward-spot differentials and 
estimated risk premiums, track actual exchange rate changes more closely than do the fitted 
values of the Fama regression. When we add the estimated risk premium from the predictive 
system in the Fama regression, the UIP puzzle becomes weakened. An out-of-sample analysis 
reveals that adding the estimated risk premium greatly improves the short-run predictability of 
exchange rates.  
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I. Introduction 

Uncovered interest rate parity (UIP) is a hypothesized state in which currently high interest rate 

currencies will depreciate more relative to currently low interest rate currencies; otherwise, 

there will be an arbitrage opportunity in the currency market. Although this simple and 

appealing hypothesis is often assumed in many theoretical models, its empirical validity has 

been questioned. Empirical studies employing the predictive regression of future exchange rate 

changes on interest rate differentials (or forward-spot differentials) often find a negative slope 

coefficient from the regression, while UIP theory predicts unity for the slope coefficient. This 

perplexing phenomenon is called the “UIP puzzle.” The UIP puzzle implies that the 

predictability of the UIP in forecasting exchange rate movements is poor, especially in the short 

run, as is reported in many out-of-sample analyses via comparison with random walk models 

(see Rossi (2013)). As a result, the UIP puzzle, rather than the UIP relationship, has been 

exploited as an investment strategy in the currency market (i.e., the currency carry trade). 

 Several theoretical explanations for the phenomenon have been proposed. Some 

studies argue that the sources of the UIP puzzle are deviations from rational expectations. For 

example, Ito (1990) and Elliott and Ito (1999) report that currency market traders’ expectations 

do not satisfy the rationality condition, and Gourinchas and Tornell (2004) argue that investors’ 

misperceptions about the persistence of interest rate differentials can cause the UIP puzzle. 

Others posit that monetary policy is the main reason for the puzzle. For instance, McCallum 

(1994) and Backus et al. (2010) show that the asymmetry in monetary policies between 
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domestic and foreign countries can generate the puzzle.2 Authors such as Chinn and Frankel 

(2002) propose that the failure of the UIP can be considered a peso problem.  

In addition to the abovementioned approaches, Fama (1984) emphasizes the role of the 

variation in the risk premium in resolving the UIP puzzle. According to Fama (1984), when the 

risk premium is more volatile than the expected changes in the exchange rate, the slope 

coefficient in the Fama regression can be far from unity. This explanation is widely accepted, 

and many authors such as Bergin (2006) call deviations from UIP the “risk premium.” In 

addition, Verdelhan (2010) argues that the UIP puzzle is the consequence of the time-varying 

risk premium arising from the habit-formation preference in Campbell and Cochrane (1999). 

However, the empirical evidence for Fama’s (1984) argument is mixed because the risk 

premium is not observable. Possibly motivated by Fama (1984), Domowitz and Hakkio (1985), 

Baillie and Bollerslev (1990), and Bekaert and Hodrick (1993) estimate conditional exchange 

rate volatility using a GARCH model but obtain weak predictive power for exchange rate 

movements. In contrast to studies based on the time-series approach, studies applying a cross-

sectional asset pricing approach to currencies have reported interesting risk premium features. 

Burnside et al. (2011) and Farhi et al. (2015) report that disaster risk, the risk of a disastrous 

outcome with a tiny probability, is important in explaining the carry trade risk premium, 

whereas Jurek (2014) argues that it accounts for at most one-third of carry trade returns. 

Menkhoff et al. (2012) show that innovations in global foreign exchange volatility are an 

important factor for understanding the risk premium, whereas Della Corte et al. (2016) find 

that an investment strategy utilizing the currency volatility risk premium can generate high 

                                           
2 Asymmetry in monetary policy means that monetary policies in non-US countries respond to exchange rate 
variations, whereas monetary policy in the US does not.  



4 

 

returns and have diversification properties. 

 We take a time-series approach to uncover risk premium dynamics and improve the 

predictability of bilateral exchange rates against US dollars, using monthly frequency data for 

Australia, Canada, Japan, New Zealand, Switzerland, and the UK. Specifically, we use implied 

volatility as an imperfect predictor of the risk premium and employ the predictive system 

proposed by Pastor and Stambaugh (2009) to estimate the risk premium. We treat the risk 

premium as a latent variable and assume dynamics for the latent variable and implied volatility. 

To run the predictive system using a Bayesian approach, we also assume that the correlation 

between the innovations to excess returns of the exchange rate3 and implied volatility reflects 

the average interest rate differential between the US and a counterpart economy. This 

assumption is based on the empirical findings of many studies, such as Clarida, Davis, and 

Pedersen (2009), Ichiue and Koyama (2011), and Coudert and Mignon (2013), which report 

that returns on currency carry trades are high when exchange rate volatility is low and vice 

versa. Because investors who follow currency carry trades have long (short) positions for risk-

free bonds in economies with high (low) interest rates, high returns on currency carry trades 

with low volatility imply that the home currency appreciates (depreciates) when the interest 

rate in the home economy is higher (lower) than that in the counterpart economy. Hence, we 

impose a restriction on the sign of the correlation between innovations to excess returns of the 

exchange rate and implied volatility to represent this finding in the literature. 

 Utilizing the prior for the correlation between innovations to excess returns of the 

exchange rate and implied volatility based on the relative interest rate between the US and 

                                           
3 Excess returns of the exchange rate are changes in the exchange rate minus interest rate differentials. 
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counterpart economies allows us to estimate time-varying risk premiums from the predictive 

system. The risk premium is persistent for all economies and has higher correlation with 

exchange rate returns than with forward-spot differentials. The cross-correlation between risk 

premiums across countries is positive in all cases. When the estimated risk premium is added 

to the Fama regression,4 the UIP puzzle weakens significantly. We further show via out-of-

sample analyses that the forward-spot differential and the estimated risk premium together have 

better predictive power for future exchange rate changes than do the alternative models 

(random walk models and the Fama regressions) in the short run. 

The remainder of this paper is organized as follows. Section II presents an empirical 

model based on the predictive system, which includes an imperfect proxy for the risk premium. 

Section III briefly describes the study’s data. Section IV provides the main empirical results of 

the Bayesian approach. Finally, Section V offers concluding remarks. 

 

II. UIP and an Empirical Model with Predictive System 

From the first-order condition of a domestic investor, the nominal marginal rate of substitution5 

satisfies the following condition: 

𝐸 (𝑀 (1 + 𝑖 )) = 1        (1) 

                                           
4 The Fama regression is ∆𝑠 = 𝛽 + 𝛽 (𝑓 − 𝑠 ) + 𝜀  where 𝑠  denotes the log spot exchange rate and 𝑓  
denotes the log forward exchange rate. 

5 The nominal marginal rate of substitution has the following relationship with the intertemporal marginal rate of 

substitution: 𝑀 = 𝑁 𝑒 , where 𝑁  is the intertemporal marginal rate of substitution, and 𝜋  is the 
(continuously compounded) rate of inflation between time t and t+1. See Backus et al. (2010). 
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where 𝑀  is the nominal marginal rate of substitution, and 𝑖  is the domestic (i.e., US) 

nominal interest rate. Since domestic investors can invest their wealth in foreign risk-free assets, 

the nominal marginal rate of substitution also satisfies the following condition: 

 𝐸 𝑀 (1 + 𝑖∗) = 1      (2) 

where 𝑆  denotes the spot nominal exchange rate (the amount of domestic currency, in US 

dollars, to purchase one unit of foreign currency), and 𝑖∗ is the foreign nominal interest rate. 

Under the assumption of log normality for the relevant variables, equations (1) and (2) can be 

expressed as follows:  

 0 = 𝐸 (𝑚 ) + 𝑖 + 𝜎 ,       (1’) 

 0 = 𝐸 (𝑚 ) + 𝐸 (𝑠 ) − 𝑠 + 𝑖∗ + 𝜎 , + 𝜎 , + 𝜎 , ,   (2’) 

where 𝑚 = ln(𝑀 ), 𝑠 = ln(𝑆 ), 𝜎 ,  denotes the conditional variance of 𝑚  at time t, 

𝜎 ,   denotes the conditional variance of 𝑠   at time t, and 𝜎 , ,   denotes the conditional 

covariance between 𝑚  and 𝑠  at time t. Subtracting equation (1’) from equation (2’) 

gives us the following: 

 𝐸 (𝑠 ) − 𝑠 = 𝑖 − 𝑖∗ − 𝜎 , − 𝜎 , ,      (3) 

When the rational expectation hypothesis and constant risk premium6 are assumed, equation 

(3) implies the following regression equation: 

                                           
6Although some studies define the risk premium as (𝑖 − 𝑖∗) − (𝐸 (𝑠 ) − 𝑠 ) = (𝑓 − 𝑠 ) − (𝐸 (𝑠 ) − 𝑠 ) =

𝜎 , + 𝜎 , , , we define the risk premium (𝜇 ) as 𝜇 = − 𝜎 , − 𝜎 , , . 
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 𝑠 − 𝑠 = 𝐸 (𝑠 ) − 𝑠 + 𝜀 = 𝑐 + (𝑖 − 𝑖∗) + 𝜀  

  = 𝑐 + (𝑓 − 𝑠 ) + 𝜀       (4) 

where 𝜀  denotes forecast errors, 𝑐  is a constant, and 𝑓  is the log forward exchange rate. 

The forward exchange rate is defined as the amount of US dollars to buy one unit of foreign 

currency to be delivered in one period. The last equality holds due to covered interest rate parity. 

Although the regression of equation (4), the so-called “Fama regression,” would have the slope 

coefficient for forward-spot differential be equal to unity, many studies report that the slope 

coefficient is far from unity and is often negative. Fama (1984) argues that, when the risk 

premium varies over time, the regression of equation (4) is subject to the omitted variable 

problem. Thus, the slope coefficient could be negative if the volatility of the risk premium is 

far greater than that of the expected changes in the exchange rate. 

 When the risk premium varies over time, equations (3) and (4) imply that the correct 

regression specification should be as follows: 

 𝑠 − 𝑠 =  𝑐 + (𝑓 − 𝑠 ) + 𝜇 + 𝜀      (5) 

where 𝑐   is another constant, and 𝜇 = − 𝜎 , − 𝜎 , ,  . Since − 𝜎 ,   appears due to the 

log normality assumption, the risk premium (𝜇 ) must be a function of 𝜎 , , , which means a 

function of 𝜎 , , 𝜎 , , and the correlation between 𝑚  and 𝑠 . Empirical studies such as 

Domowitz and Hakkio (1985), Baillie and Bollerslev (1990), and Bekaert and Hodrick (1993) 

model conditional exchange rate volatility using a GARCH model but report weak empirical 

evidence for Fama’s (1984) argument. Treating the volatility of the inflation rate as constant, 

Brennan and Xia (2006) allow the risk premium to depend on variations in 𝜎 ,  and in the 
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intertemporal marginal rate of substitution, and they estimate 𝜎 ,  using a GARCH model. 

Doing so allows them to produce better evidence for Fama’s explanation.  

Given the mixed evidence offered by the abovementioned studies, we attempt to 

provide further evidence to the literature. The GARCH approach has been widely used to model 

exchange rate volatility. However, we use the at-the-money implied volatility from currency 

option prices to measure the exchange rate volatility. Currency options give the right to 

purchase or sell a specific currency at a pre-agreed exchange rate on or before an expiration 

date. Implied volatility is an estimate of the exchange rate volatility from now until the option 

matures, and is constructed through market data based on the Black-Scholes-Merton model. 

This suggests that implied volatility is conceptually well-matched with 𝜎 ,
7  and can be 

expected to reflect market expectations about 𝜎 ,   given that it is extracted from currency 

options traded in the market. Furthermore, Ledoit, Santa-Clara, and Yan (2002) show that the 

implied volatilities of at-the-money options converge to the underlying asset’s instantaneous 

volatility as maturity approaches. As with other approaches to modeling the volatility of a 

financial variable, however, implied volatility has both advantages and disadvantages as a 

measure of volatility or risk premiums. Furthermore, the risk premium depends on 𝜎 ,  and 

the correlation between 𝑚   and 𝑠   in addition to 𝜎 ,  . Hence, implied volatility is 

imperfectly related to the risk premium of currency exchange rates. We thus employ the 

predictive system proposed by Pastor and Stambaugh (2009) to estimate the risk premium using 

imperfect predictors.  

                                           
7 In this study, the maturity is one month, and 𝜎 ,  indicates the conditional volatility of the exchange rate in one 

month at time t. 
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We treat the risk premium (𝜇 ) as a latent variable and assume that both this latent 

variable and implied volatility follow AR(1) processes, similar to Pastor and Stambaugh (2009). 

The AR(1) dynamics for risk premiums are consistent with Engel’s (2014) argument that a 

persistent stationary process is needed for the risk premium to explain the hump-shaped pattern 

of the exchange rate predictability based on Taylor rule fundamentals from short to long 

horizons. In addition, we also examine whether the AR(1) assumption for implied volatility is 

supported by the data.8  We apply the Bayesian information criterion (BIC) to select the 

autoregressive lag order for implied volatility, and the results are presented in Table 1. The 

AR(1) specification is selected unanimously for all economies. As shown in Table 2, the AR(1) 

coefficient lies between 0.76 and 0.89 in all cases, and the goodness of fit (𝑅 ) ranges from 

0.57 to 0.79. The plots presented in Figure 1 show that the implied volatilities are persistent 

regardless of the economy. Based on the lag order selection results shown in Table 1 and the 

results shown in Table 2 and Figure 1, we believe that the data support the AR(1) assumption 

for implied volatilities. 

Under these assumptions, our predictive system can be expressed as follows: 

(𝑠 − 𝑠 ) −  (𝑓 − 𝑠 ) = ∆�̃� = 𝜇 + 𝜀      (6) 

𝑥 = (1 − 𝛼)𝐸 + 𝛼𝑥 + 𝑣       (7) 

𝜇 = (1 − 𝛾)𝐸 + 𝛾𝜇 + 𝑤       (8) 

where 𝑥  denotes the implied volatility, and 𝐸  and 𝐸  denote the unconditional means of 

the implied volatility and risk premium, respectively. 𝛼 and 𝛾, representing their persistency, 

                                           
8 The data source is presented in the next section. 
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are assumed to lie between zero and one. The innovations in the predictive system are assumed 

to be distributed identically and independently over time as follows: 

 
𝜀
𝑣
𝑤

~𝑁
0
0
0

,

𝜎    𝜎 ,    𝜎 ,

𝜎 ,    𝜎    𝜎 ,

𝜎 ,    𝜎 ,    𝜎

     (9) 

Because we have only two observable variables (∆�̃�  and 𝑥 ) in the predictive system, 

we need to impose a restriction for identifying the model. Considering this identification 

problem and the lengths of our sample periods, we employ the Bayesian approach to estimate 

the predictive system described by equations (6) to (9). The Bayesian approach allows us to 

utilize economically motivated prior distributions in the estimation process. Hence, we impose 

informative prior distributions on the correlation between unexpected excess returns (𝜀 ) and 

innovations to implied volatility (𝑣 ) and on the persistence of the implied volatility (𝑥 ) and 

the risk premium (𝜇 ). In Section IV, we describe the prior on the parameters in detail. 

Once the risk premium (𝜇  ) is estimated by the predictive system expressed by 

equations (6) to (9), we examine the dynamic properties of the estimated risk premium. We 

then compare the predictive power of the estimated 𝜇   in addition to the forward-spot 

differential with that of the alternative models (random walk models and the Fama regressions) 

via out-of-sample analyses. 

 

III. Data 

We analyze the bilateral exchange rates of six developed economies against the US dollar. 

Those economies and their sample periods are as follows: Australia from December 1995 to 
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December 2016, Canada from February 1999 to December 2016, Japan from January 1996 to 

December 2016, New Zealand from October 1998 to December 2016, Switzerland from June 

1996 to November 2016, and the UK from May 1996 to December 2016. The sample period is 

dictated by the availability of implied volatility data. We use Bloomberg’s at-the-money 

implied volatilities, which are often used as a measure of the expected volatility of a currency 

exchange rate until the currency options mature. The maturity is one month, and we match the 

forecast horizons in the out-of-sample analyses with the currency option maturity in the next 

section.  

 We take federal funds rate data from Federal Reserve Economic Data for the US 

interest rate, and we collect data on bilateral US dollar exchange rates and interest rates for all 

economies (except the US) from International Financial Statistics managed by the International 

Monetary Fund.9 We extract forward exchange rate data from Bloomberg; the maturity is one 

month. 

 

IV. Empirical Analysis 

1. Bayesian Approach and Risk Premium Estimates 

As explained in the previous section, we employ the predictive system described by equations 

(6) to (9) to estimate the risk premium. Since we have only two observable variables (∆�̃�  and 

𝑥 ) in the predictive system, we need to impose a restriction for the identification of the model. 

                                           
9 Interest rate data conditions differ across economies. Hence, we use the average rate on the money market for 
Australia, the overnight money market rate for Canada, the call money rate for Japan, the money market rate for 
New Zealand and Switzerland, and the overnight interbank rate for the UK. 
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Considering this identification problem and the lengths of our sample periods, we apply the 

Bayesian approach in the estimation. In the Bayesian estimation, we assume that both the 

implied volatility and risk premium are persistent but stationary. We also impose prior 

distributions on the correlations between unexpected excess returns (𝜀 ) and innovations to the 

implied volatility (𝑣  ) following Clarida, Davis, and Pedersen (2009), Ichiue and Koyama 

(2011), and Coudert and Mignon (2013), who report that currency carry trade investment 

returns are high when the exchange rate volatility is low and vice versa. Given that investors 

have long (short) positions for risk-free bonds in economies with high (low) interest rates in 

the currency carry trade, this finding implies that if the US interest rate is higher than that of 

the counterpart economy, US currency appreciates when the exchange rate volatility is low. 

Moreover, if the US interest rate is lower than that of its counterparty, the finding implies that 

US currency depreciates when the exchange rate volatility is low.10 Therefore, we impose the 

condition whereby the prior for 𝜌  is positive (negative) if the US interest rate is on average 

higher (lower) than that of the counterpart economy for the eight-year period prior to the sample 

period. 

 Table 3 compares interest rates between the US economy and counterpart economies 

for the eight-year period before the beginning of the sample period. The interest rates in 

Australia, Canada, New Zealand, and the UK are usually higher than those in the US during 

that eight-year period. Hence, we impose a uniform distribution in the range of [-0.9, 0.5] on 

𝜌 , , which implies a negative prior for 𝜌 ,  on average for these economies. Unlike in these 

                                           
10 Menkhoff et al. (2012) show that currency carry trade returns depend on the global Forex volatility. If the 
implied volatilities of individual currency options are positively correlated with the global Forex volatility, the 
result in Menkhoff et al. (2012) is consistent with the findings of Clarida, Davis, and Pedersen (2009), Ichiue and 
Koyama (2011), and Coudert and Mignon (2013). 
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economies, the interest rates in Japan and Switzerland are usually lower than that in the US. 

We thus impose a uniform distribution in the range of [-0.5, 0.9] on 𝜌 ,   in Japan and 

Switzerland.11 

 In the estimation process, we first construct the posterior distribution conditioned on 

the hyper-parameters and the observed data using the Markov Chain Monte Carlo (MCMC) 

method. We then draw the parameters from the posterior distribution. With the parameters 

drawn, we draw the time series of risk premiums using Kalman filtering and backward 

recursion. The number of simulations is set to 76,000; we ignore the first 1,000 samples and 

choose every third draw from the rest. The details of the drawing process are described in Pastor 

and Stambaugh (2009), who apply the predictive system to stock market data. The only 

difference between Pastor and Stambaugh (2009) and ours is that they impose a prior restriction 

on 𝜌 ,  whereas we impose a prior distribution for 𝜌 , . 

Figure 2 shows the posterior distributions for 𝜌 ,  along with the corresponding prior 

distributions; the posterior distributions are much more concentrated around the mean than are 

the prior distributions. Furthermore, the posterior mean of 𝜌 ,   is negative for Australia, 

Canada, New Zealand, and the UK and positive for Japan and Switzerland. These results show 

the relevance of the priors imposed in the estimation process. 

Figures 3a and 3b compare the plots of ∆𝑠 , 𝐸 [∆𝑠 ] = (𝑓 − 𝑠 ) + �̂�  and the 

fitted values from the Fama regression. As shown in the figure, 𝐸 [∆𝑠 ] = (𝑓 − 𝑠 ) + �̂�  

from the predictive system tracks ∆𝑠  more closely than do the fitted values of the Fama 

                                           
11 Because interest rates are persistent, the sign of the average interest rate differential does not change even if 
we utilize all observations for the entire sample periods to compute the average interest rate differentials.  
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regression, particularly for Australia. Table 4 shows the ratio of variance of ∆𝑠   to the 

variances of fitted values from the predictive system and the Fama regression along with the 

correlations. (𝑓 − 𝑠 ) + �̂�   from the predictive system is much more volatile than 𝛽 +

𝛽 (𝑓 − 𝑠 ) from the Fama regression (except in New Zealand) and shows higher correlations 

with actual ∆𝑠  regardless of the economy. The results in Figures 3a and 3b and in Table 4 

suggest the potential of the predictive system under the prior imposed in this study to predict 

exchange rate movements. 

 

2. Dynamic Features of Estimated Risk Premium 

To examine the relevance of the estimated risk premium, we compare results between the Fama 

regression, the Fama regression with implied volatility, and the Fama regression with the 

estimated risk premium. We thus run the regressions of ∆𝑠 = 𝛽 + 𝛽 (𝑓 − 𝑠 ) + 𝜀  , 

∆𝑠 = 𝛽 + 𝛽 (𝑓 − 𝑠 ) + 𝛽 𝑥 + 𝜀  , and ∆𝑠 = 𝛽 + 𝛽 (𝑓 − 𝑠 ) + 𝛽 �̂� + 𝜀  . 

Table 5 presents the estimation results. As shown in the first panel of Table 5, where ∆𝑠 =

𝛽 + 𝛽 (𝑓 − 𝑠 ) + 𝜀   is run, the estimates of 𝛽   are all positive and 𝐻 : 𝛽 = 1  is not 

rejected at the conventional significance level. These results suggest that the UIP puzzle is not 

observed during the sample period in this study. These results are observed because the 

estimated standard errors are quite wide (the estimated 𝛽 s are significantly different from zero 

in the first panel of Table 5 at the 5% level in four out of six economies) and the sample period 

includes the global financial crisis, for which the UIP puzzle is reported to be weakened (see 

Park and Park (2017)). Nevertheless, the explanatory power of the forward-spot differential 

(𝑓 − 𝑠 ), measured by 𝑅 , is extremely limited. Even if implied volatility (𝑥 ) is added to the 
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Fama regression, the low 𝑅 s are almost unchanged, which is presented in the second panel 

of Table 5. Although the coefficient of implied volatility is always significant, its signs are 

negative in two out of six cases. When the estimated risk premium (�̂� ) is augmented with the 

Fama regression, however, the 𝑅 s increase substantially, and the magnitude of 𝛽  moves 

closer to unity in most cases. Furthermore, the coefficients of �̂�  are positive in all cases, the 

estimated 𝛽 s are always significantly different from zero at the 5% level, and 𝐻 : 𝛽 = 1 is 

never rejected at the 5% level, all of which implies that the estimated risk premium is 

reasonable. The results in Table 5 also suggest that the importance of the risk premium to 

understand the UIP puzzle.  

We also investigate the features of the risk premiums estimated via Pastor and 

Stambaugh’s predictive system. Figures 4a and 4b show the dynamics of the estimated risk 

premiums. The figures show that all the estimated risk premiums are persistent. Their first-

order autocorrelations lie between 0.64 (New Zealand) and 0.94 (Australia), which are also 

reported in Table 6. All the risk premiums (except for Switzerland) reach their peaks in 2009, 

indicating a high risk premium during the global financial crisis. Switzerland’s peak is 

observed in 2010, which can also be considered to lie within the crisis period. Table 6 also 

shows that the risk premium has higher absolute correlation with exchange rate returns than 

with the forward-spot differential. However, the magnitudes of the correlation between the risk 

premium and exchange rate returns differ greatly across economies. For example, this 

correlation is 0.55 in Switzerland but 0.21 in New Zealand. The correlation between the risk 

premium and forward-spot differential is generally low, which is below 0.17 in magnitudes for 

all cases, which suggests that forward-spot differentials provide limited information about the 

risk premium. 



16 

 

Table 7 shows the cross-correlation between the risk premiums across countries. All 

the risk premiums show positive cross-correlations, and the overall average cross-correlation 

is approximately 0.58. Japan shows relatively low risk premium cross-correlations with other 

economies, with an average cross-correlation of 0.42. By contrast, Australia has relatively high 

risk premium cross-correlations with other economies, with an average cross-correlation of 

0.62. 

 

3. Exchange Rate Predictability: Out-of-sample Analysis 

To determine whether the predictive system can be used to forecast future exchange rate 

changes in practice, we conduct out-of-sample analyses using �̂�   estimated from the 

predictive system. We conduct the analyses with �̂�  as follows. First, we apply the predictive 

system described by equations (6) to (9) to the data up to time 𝑡  to estimate �̂� . Then, we 

construct 𝐸 [∆𝑠 ] = 𝑓 − 𝑠 + �̂�   and compare 𝐸 [∆𝑠 ]  with an alternative 

forecasting model. Next, we repeat these steps recursively to estimate �̂�   and predict 

∆𝑠( ) , after adding the observations of the exchange rate, log forward-spot exchange rate 

differentials, and implied volatility data at 𝑡 + 1. The initial forecasting point for each country 

starts from the midpoint of our sample, which is June 2006 for Australia, January 2008 for 

Canada, July 2006 for Japan, November 2007 for New Zealand, September 2006 for 

Switzerland, and September 2006 for the UK. We compare out-of-sample predictability 

between the predictive system and the Fama regression (with or without implied volatility) to 

check whether the poor predictive power of the Fama regression is due to the risk premium. 

We also test the system’s predictive ability using random walk models, which have been the 
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benchmark for evaluating the out-of-sample performance of exchange rate models since Meese 

and Rogoff (1983). 

 We utilize two statistics to compare the out-of-sample predictability: Theil’s (1966) U-

statistic and the Clark and West (2006) test statistic. Theil’s U-statistic compares mean squared 

prediction errors (MSPE) between the predictive system and an alternative forecasting model 

(either the Fama regression or the random walk model). A Theil’s U-statistic lower than 1 

indicates that the predictive system has a lower MSPE than the alternative model does. We also 

employ the Clark–West test statistic to test whether the differences between the out-of-sample 

performance of the predictive system and that of the alternative model are significant. The null 

hypothesis of the Clark–West statistic is that two competing forecasting models have an equal 

MSPE. We construct the Clark–West test statistic so that it has a significantly sufficiently 

positive sign if 𝐸 [∆𝑠 ] = (𝑓 − 𝑠 ) + �̂�  exhibits predictive power superior to that of the 

alternative model.12  

 Table 8 presents the results of the comparison between the predictive system and the 

Fama regressions (with and without implied volatility). As the table shows, the U-statistics are 

always lower than 1, which implies lower MSPE from the predictive system, and the 

differences in the out-of-sample performance measured by the Clark–West statistics are always 

significant at the 10% level. The only exception is the Canadian case. The superior out-of-

sample forecastability of the predictive system implies the importance of the risk premium in 

                                           
12 A Theil’s U-statistic lower than 1 always implies a positive Clark–West statistic. However, it is possible to 

have a Theil’s U-statistic higher than 1 and a positive Clark–West statistic due to the bias-adjusted term in the 
Clark–West statistic. 
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predicting exchange rates, which is not properly considered in the Fama regressions. 

Table 9 shows that U-statistics and Clark–West statistics against the random walk 

models with and without drift. The U-statistics are lower than 1 except when the predictive 

system is tested against the random walk without drift in Canada and both random walk models 

in Switzerland. The Clark–West statistics are all positive except when the predictive system is 

compared with the random walk without drift in Canada. The Clark–West statistics are 

significant at the 10% level or above for Australia, Japan, and the UK irrespective of the 

inclusion of the drift term in the random walk model. In New Zealand, the predictive system 

also shows significantly better forecast precision than the random walk model with drift.  

We check whether the outperformance of the predictive system against the random 

walk model with drift is caused by outliers by plotting recursively computed Theil’s U statistics 

in Figure 5.13 The last values in the plots are those reported in Table 8. Although the initial 

values in the plots fluctuate greatly, Theil’s U statistics are stabilized with a few year 

observations utilized for the computation. The initial fluctuations may be the effects of the 

global financial crisis. Theil’s U statistics are far below 1 during initial fluctuations in all 

economies, indicating the superior out-of-sample performance of the predictive system during 

the crisis period. This result suggests that a proper consideration of the risk premium is 

important for forecasting exchange rate changes during the crisis period. As time progresses, 

Theil’s U statistics are consistently near 1, and generally slightly below 1, suggesting no serious 

sensitivity to sample. The only exception is the Canadian case, where the test statistic becomes 

                                           
13  Qualitatively identical plots used to compare the predictive system to the random walk without drift are 
available upon request.  
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above 1 after the initial fluctuations. 

Finally, we conduct the same exercise against the random walk models, dividing our 

sample period into pre- and post-global financial crisis periods to see whether the excellent 

out-of-sample performance is due solely to the global financial crisis. The sample is divided at 

August 2008. As shown in Table 10, the predictive system shows significantly more precise 

forecasts than the random walk models do, regardless of the period. The only exception is the 

case of Switzerland, where the random walk models outperform the predictive system after the 

crisis.  

Overall, the results in this section show that adding the estimated risk premium to the 

application of the predictive system can improve the predictive ability of the UIP relationship 

in forecasting short-run exchange rate movements. 

 

V. Conclusion 

We use UIP, which is known to perform poorly in forecasting exchange rate movements in the 

short run, to estimate the risk premium under the predictive system. We find that expected 

exchange rate changes, constructed from forward-spot differentials and estimated risk 

premiums, track actual exchange rate changes much more closely than do the fitted values of 

the Fama regression. When the estimated risk premium is added to the conventional Fama 

regression, the UIP puzzle becomes weakened. Risk premiums show some persistence and 

positive cross-correlations across economies. Out-of-sample analyses also reveal that the 

predictive system can greatly improve exchange rate predictability in the short run relative to 

random walk models and Fama regressions. 
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Table 1. Bayesian Information Criterion for Implied Volatility  

 AR(1) AR(2) AR(3) AR(4) 

Australia -3532.78 -3512.21 -3491.85 -3471.34 

Canada -3157.56 -3137.03 -3118.35 -3100.61 

Japan -3537.86 -3524.05 -3511.05 -3490.41 

New Zealand -3041.28 -3022.61 -3003.77 -2984.68 

Switzerland -3556.89 -3555.40 -3536.22 -3527.80 

UK -3606.92 -3586.07 -3565.60 -3547.45 

Note: This table shows the BIC scores of implied volatility under each AR specification. 
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Table 2. AR(1) Specification for Implied Volatilities 

  (1 − 𝛼)𝐸  𝛼 𝑅  

Australia 
0.0002 

(0.00004) 
0.8454 

(0.0408) 
0.7159 

Canada 
0.0001 

(0.00003) 
0.8903 

(0.0410) 
0.7921 

Japan 
0.0002 

(0.00005) 
0.7720 

(0.0415) 
0.5927 

New Zealand 
0.0002 

(0.00005) 
0.8047 

(0.04310) 
0.6484 

Switzerland 
0.0003 

(0.00006) 
0.7588 

(0.0540) 
0.5711 

UK 
0.0001 

(0.00004) 
0.8402 

(0.0450) 
0.7083 

Notes: This table shows estimation results for implied volatilities under the AR(1) specification 
in Equation (6). Numbers in parentheses are standard errors.  
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Table 3. Interest Rate Differentials for the Eight Years Prior to Sample Periods 

 Australia 
& US 

Canada & 
US 

Japan & 
US 

New 
Zealand & 

US 

Switzerland 
& US 

UK & US 

Period 12/1987–
11/1995 

02/1991–
01/1999 

01/1988–
12/1995 

10/1990–
09/1998 

06/1988–
05/1996 

05/1988–
04/1996 

Average 𝑖   
in the US 

5.91 4.77 5.89 4.89 5.82 5.84 

Average 
𝑖∗  in 

counterpart 
economy 

9.98 5.51 4.38 7.97 5.72 9.43 

Average 
(𝑖 − 𝑖∗) 

-4.08 -0.74 1.52 -3.09 0.10 -3.59 

Min (𝑖 −

𝑖∗) 
-9.71 -4.96 -2.32 -7.05 -5.81 -7.19 

Max (𝑖 −

𝑖∗) 
-0.40 2.59 5.60 0.08 5.50 1.15 

Prior for 
𝜌 ,  

Negative Negative Positive Negative Positive Negative 

Notes: This table shows summary statistics of interest rate differentials taken over the eight 
years prior to the sample periods.  

  



25 

 

Table 4. Variance Ratios and Correlations 

 Variance Ratio Correlation with ∆𝑠  

Predictive System Fama Regression Predictive 
System 

Fama 
Regression 

𝑉𝑎𝑟((𝑓 − 𝑠 ) + �̂� )

𝑉𝑎𝑟(∆𝑠 )
 

𝑉𝑎𝑟(𝛽 + 𝛽 (𝑓 − 𝑠 ))

𝑉𝑎𝑟(∆𝑠 )
 

(𝑓 − 𝑠 )

+ �̂�  
𝛽

+ 𝛽 (𝑓

− 𝑠 ) 

Australia 0.1136 0.0161 0.4369 0.1268 

Canada 0.0318 0.0186 0.3401 0.1366 

Japan 0.0689 0.0267 0.2504 0.1633 

New Zealand 0.0681 0.0794 0.3274 0.2817 

Switzerland 0.0510 0.0103 0.4436 0.1013 

UK 0.0479 0.0328 0.3187 0.1810 

Note: �̂�   is the estimated risk premium with the application of the predictive system. We 
assume the uniform distribution of [-0.9, 0.5] for the prior distribution of 𝜌 ,  in Australia, 

Canada, New Zealand, and the UK. We assume the uniform distribution of [-0.5, 0.9] for the 
prior distribution of 𝜌 ,  in Japan and Switzerland. 
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Table 5. Fama Regression with Estimated Risk Premium 

∆𝑠 = 𝛽 + 𝛽 (𝑓 − 𝑠 ) + 𝜀  

 Australia Canada Japan New 
Zealand 

Switzerland UK 

𝛽  0.6884 

(0.3864) 

1.0352 

(0.5021) 

0.6729 

(0.2626) 

1.3889 

(0.3037) 

0.5557 

(0.3455) 

0.8944 

(0.3918) 

𝑅  0.0121 0.0140 0.0227 0.0751 0.0062 0.0288 

𝐻 : 𝛽

= 1 
0.4208 0.9462 0.2140 0.2018 0.1997 0.7878 

∆𝑠 = 𝛽 + 𝛽 (𝑓 − 𝑠 ) + 𝛽 𝑥 + 𝜀  

𝛽  0.7230 

(0.3741) 

1.0591 

(0.5185) 

0.6424 

(0.2690) 

1.4300 

(0.2967) 

0.5078 

(0.3473) 

0.8201 

(0.3418) 

𝛽  5.2678 

(8.7341) 

4.1272 

(6.5804) 

8.7117 

(7.7530) 

1.2505 

(11.5124) 

-9.8291 

(8.1771) 

-11.3767 

(8.7790) 

𝑅  0.0119 0.0119 0.0278 0.0725 0.0088 0.0438 

𝐻 : 𝛽

= 1 

0.4596 0.9093 0.1849 0.1486 0.1577 0.5992 

∆𝑠 = 𝛽 + 𝛽 (𝑓 − 𝑠 ) + 𝛽 �̂� + 𝜀  

𝛽  0.9976 

(0.3483) 

0.9482 

(0.4637) 

0.5867 

(0.2311) 

1.2460 

(0.3142) 

0.7829 

(0.2988) 

0.9671 

(0.3574) 

𝛽  1.3865 

(0.1860) 

3.1435 

(0.5883) 

3.5277 

(0.6246) 

1.2711 

(0.5157) 

3.8382 

(0.3957) 

4.0105 

(0.7633) 

𝑅  0.1886 0.1430 0.1082 0.0988 0.3225 0.1614 

𝐻 : 𝛽

= 1 

0.9944 0.9111 0.0749 0.4346 0.4681 0.9267 

Note: Numbers in parentheses are Newey–West standard errors. 𝑥  denotes implied volatility. 
�̂�  denotes estimated risk premium. 𝐻 : 𝛽 = 1 shows p-values of testing 𝐻 : 𝛽 = 1. 
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Table 6. Features of Estimated Risk Premium 

 𝜌(1) 𝜌(�̂�, ∆𝑠) 𝜌(�̂�, 𝑓 − 𝑠 ) 

Australia 0.9388 0.4023 -0.1334 

Canada 0.9131 0.3680 0.0315 

Japan 0.8829 0.3085 0.0701 

New Zealand 0.6397 0.2126 0.1713 

Switzerland 0.7814 0.5548 -0.0733 

UK 0.9239 0.3606 -0.0399 

Note: 𝜌(1) denotes the autocorrelation of the estimated risk premium with one lag. 𝜌(�̂�, ∆𝑠) 
denotes the correlation between the estimated risk premium and exchange rate changes. 
𝜌(�̂�, 𝑓 − 𝑠 ) denotes the correlation between the estimated risk premium and forward-spot 
differential.   
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Table 7. Cross-correlations of Estimated Risk Premium between Economies 

 Australia Canada Japan New 
Zealand 

Switzerland UK 

Australia 1 0.5729 0.6236 0.7767 0.6564 0.4832 

Canada 0.5729 1 0.5191 0.3089 0.2828 0.5120 

Japan 0.6236 0.5191 1 0.3007 0.4140 0.2256 

New 
Zealand 

0.7767 0.3089 0.3007 1 0.6894 0.4397 

Switzerland 0.6564 0.2828 0.4140 0.6894 1 0.4582 

UK 0.4832 0.5120 0.2256 0.4397 0.4582 1 

Note: This table shows cross-correlations of estimated risk premium across economies. 
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Table 8. Out-of-sample Analysis: Predictive System vs. Fama Regression 

 Predictive system vs. Fama 
regression 

Predictive system vs. Fama 
regression with implied volatility 

Theil’s 

U-statistics 

Clark–West 
Statistics 

Theil’s 

U-statistics 

Clark–West 
Statistics 

Australia 0.9847 1.8177** 0.9386 2.2433** 

Canada 1.0110 0.2618 0.9809 1.0648 

Japan 0.9580 1.8916** 0.9704 1.5668* 

New Zealand 0.9086 2.4962*** 0.8477 2.6167*** 

Switzerland 0.9831 1.3047* 0.9147 1.6536** 

UK 0.9717 1.5807* 0.9015 2.2914** 

Note: Theil’s U-statistic compares mean squared prediction errors (MSPE) between the 
predictive system and the Fama regression (with and without implied volatility). A Theil’s U-
statistic lower than 1 indicates that the predictive system has a lower MSPE than the Fama 
regression (with and without implied volatility) does. The Clark–West (2006) test statistics 
compare out-of-sample predictability between the predictive system and the Fama regression 
(with and without implied volatility). Sufficiently positive Clark–West (2006) test statistics 
indicate that the first model (the predictive system) is superior to the second model (the Fama 
regressions) in predictive ability. *, **, and *** denote 10%, 5%, and 1% significance levels 
for a one-tailed test, respectively. A Theil’s U-statistic lower than 1 always implies a positive 
Clark–West statistic. However, it is possible to have a Theil’s U-statistic higher than 1 and a 
positive Clark–West statistic due to the bias-adjusted term in the Clark–West statistic.  
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Table 9. Out-of-sample Analysis: Predictive System vs. Random Walk 

 Predictive system vs. Random 
walk with drift 

Predictive system vs. Random 
walk without drift 

Theil’s 

U-statistics 

Clark–West 
Statistics 

Theil’s 

U-statistics 

Clark–West 
Statistics 

Australia 0.9755 1.7151** 0.9812 1.5918* 

Canada 0.9996 0.7166 1.0223 -0.0998 

Japan 0.9310 2.6740*** 0.9364 2.5912*** 

New Zealand 0.9854 1.3743* 0.9972 1.1383 

Switzerland 1.0272 0.3094 1.0326 0.1772 

UK 0.9823 1.6121* 0.9888 1.4811* 

Note: Theil’s U-statistic compares MSPE between the predictive system and the random walk 
(with and without drift). A Theil’s U-statistic lower than 1 indicates that the predictive system 
has a lower MSPE than the random walk (with and without drift) does. The Clark–West (2006) 
test statistics compares out-of-sample predictability between the predictive system and the 
random walk (with and without drift). Sufficiently positive Clark-West (2006) test statistics 
indicate that the first model (the predictive system) is superior to the second model (the random 
walk models) in predictive ability. *, **, and *** denote 10%, 5%, and 1% significance levels 
for a one-tailed test, respectively. A Theil’s U-statistic lower than 1 always implies a positive 
Clark–West statistic. However, it is possible to have a Theil’s U-statistic higher than 1 and a 
positive Clark–West statistic due to the bias-adjusted term in the Clark–West statistic.
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Table 10. Out-of-sample Analysis and Global Financial Crisis 

 Predictive system vs. Random 
walk with drift 

Predictive system vs. Random 
walk without drift 

Theil’s 
U-statistics 

Clark-West 
Statistics 

Theil’s 
U-statistics 

Clark-West 
Statistics 

Before global financial crisis (before August 2008) 

Australia 0.9552 1.7810** 0.9817 1.2937* 

Canada 0.9573 1.6910** 0.9495 1.3372* 

Japan 0.9220 1.7725** 0.9389 1.5627* 

New Zealand 0.9177 2.0939** 0.9212 2.0259** 

Switzerland 0.9156 2.4702*** 0.9352 2.1728** 

UK 0.9488 2.7510*** 0.9533 2.3277** 

After global financial crisis (after August 2008) 

Australia 0.8859 2.4175*** 0.9833 1.0874 

Canada 0.9260 1.6143* 0.9599 1.0814 

Japan 0.8895 2.8642*** 0.9087 2.4076*** 

New Zealand 0.9042 2.2214** 0.9502 1.9351** 

Switzerland 1.0556 -0.0001 1.1053 -0.6527 

UK 0.9923 1.4667* 0.9799 1.4339* 

Note: Theil’s U-statistic compares MSPE between the predictive system and the random walk 
(with and without drift). A Theil’s U-statistic lower than 1 indicates that the predictive system 
has a lower MSPE than the random walk (with and without drift) does. The Clark–West (2006) 
test statistics compares out-of-sample predictability between the predictive system and the 
random walk (with and without drift). Sufficiently positive Clark–West (2006) test statistics 
indicate that the first model (the predictive system) is superior to the second model (the random 
walk models) in predictive ability. *, **, and *** denote 10%, 5%, and 1% significance levels 
for a one-tailed test, respectively. A Theil’s U-statistic lower than 1 always implies a positive 
Clark–West statistic. However, it is possible to have Theil’s U-statistic higher than 1 and a 
positive Clark-West statistic due to the bias-adjusted term in the Clark–West statistic. 
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Figure 1. Implied volatility of at-the-money options with one-month maturity 
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Figure 2. Prior and posterior distributions of 𝝆𝜺,𝒗 
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Figure 3a. Comparison of fitted values between the predictive system and Fama regression: Australia, Canada, and Japan 
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Figure 3b. Comparison of fitted values between the predictive system and Fama regression: New Zealand, Switzerland, and the UK 
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Figure 4a. Estimated Risk Premium: Australia, Canada, and Japan 
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Figure 4b. Estimated Risk Premium: New Zealand, Switzerland, and the UK 
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Figure 5. Recursive Theil’s U-Statistics: Predictive system vs. Random walk with drift 

 


