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Abstract: 
	

The persistence and profitability of carry trade returns has long puzzled 
researchers and often been attributed to the Peso problem: The anticipation of 
a large exchange rate movement leading to asset price behaviours contrary to 
conventional rational expectations assumptions. This paper introduces new 
statistical ways of testing whether the Peso problem explains the returns to 
carry trade. Using Generalised Linear Models and Dynamic Conditional Score 
Models it finds that the Gaussian model has the highest fit and conditional 
returns are zero. However, by using model-based clustering techniques and 
Finite Mixture Models it unveils clustering of the exchange rate and finds 
strong evidence for a presence of Peso problems in form of regime-switching.  
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I. Introduction 
 
The carry trade is an investment strategy, where an investor takes a long 

position in a high-interest currency and a short position in a low-interest 

currency (Engel 2014). If the Uncovered Interest Parity (UIP) fails, this 

strategy is profitable. The empirical profitability of the carry trade has 

puzzled researchers, since non-zero returns should be arbitraged out. One 

rationalisation of this puzzle has been the so-called Peso problem: Investors 

anticipate the risk of a large-scale reversal in the exchange rate, which induces 

price behaviour seemingly in conflict with conventional rational expectations 

assumptions (s. Lewis 2017). The existence of a Peso problem implies the 

presence of fat-tailed risks. Thus, non-zero returns are effectively risk-premia 

for tail risks, such as large devaluations. That is, the carry trade should only 

be profitable, if Peso events are not properly accounted for.  

 

This paper offers a new approach to analyse raw undiscounted carry trade 

returns and thus, the Peso problem. By applying Generalised Linear Models 

(GLMs) and Dynamic Conditional Score (DCS) Models on eleven exchange 

rates and assuming risk neutrality, this paper estimates the raw undiscounted 

carry trade returns and varies the distribution between Gaussian and various 

fat-tailed distributions. If a Peso problem is present, the fat-tailed forecast 

errors should be lower. However, this paper finds a surprisingly superior fit of 

the Gaussian standard model compared to fat-tailed models. Furthermore, it 

finds mixed evidence for unconditionally non-zero carry trade returns, but 

clearly rejects conditionally non-zero returns. Density plots of the exchange 

rates suggest clustering behaviour, which the GLMs and DCS models cannot 

detect or incorporate. Thus, this paper looks for clustering structures in the 

data by modelling it as a mixture of Gaussians and fitting the data using 
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Finite Mixture of Regression Models (FMM). The analysis shows clear 

evidence for clustering in most exchange rates and estimates the returns of the 

different clusters. It finds that a Peso problem is present in form of a regime-

switching or realignment risk. It provides evidence on how investors may 

make mistakes despite rational forecasting, since the underlying model is 

dynamic. Given regime-switching risks, there is no risk-free arbitrage, which 

explains the presence and persistence of carry trade returns. This paper shows 

that because of the presence of such risks, the carry trade is non-profitable 

under risk neutrality when averaging returns across the different clusters in a 

given exchange rate. 

 

This paper is organised in the following way: Section II and III provide a 

literature review and an overview of the data. Section IV and V introduce the 

methodology employed and the results found. Section VI and VII give a 

discussion and conclusion of the final results.  
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II. Literature Review 
 
The origin of the term ‘Peso problem’ is unknown, but often attributed to 

Friedman (Lewis 2017). It was first mentioned by Rogoff (1978) and first 

published by Krasker (1980), who investigated the Mark/Pound exchange rate 

during the German Hyperinflation and found that standard tests for market 

efficiency were negative. He argued that the result might be explained by 

introducing a small probability of a large exchange rate reversal. The Peso 

problem fundamentally rests on the well-documented failure of the UIP (e.g. 

Hansen & Hodrick 1980 or Sachsida et. al. 2001). The latter is often 

rationalised, introducing a time-varying risk premium, which is exactly equal 

to the deviation from the UIP (Bilson 1981, Hansen & Hodrick 1983, Fama 

1984, Hodrick 1987). Engel (1996) argues that risk premia do not explain the 

magnitude of the failure and cites the Peso problem as a better explanation 

for the observed anomalies. Conversely, Froot and Thaler (2001) use survey 

data to show that risk-based explanations for the failure of the UIP mask that 

the anomalies are best explained by irrational behaviour of investors. More 

recently, Frankel and Poonawala (2010) find that UIP deviations tend to be 

larger in highly managed exchange rate regimes. Other studies have shown 

that the UIP does hold in particular circumstances such as high frequencies 

(Chaboud & Wright 2005) or when US rates are lower than foreign rates 

(Bansahl & Dahlquist 2000). 

 

This relates to the much-discussed issue of the predictability of exchange 

rates: If exchange rates can be forecast, arbitrage and rational expectations 

drive carry trade returns to zero. In a seminal paper, Meese and Rogoff (1983) 

find that a random walk model of the exchange rate dominates large 

macroeconomic models based on fundamentals, even if using actual 
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realisations. Since then, numerous studies have been published on the 

predictability of exchange rates based on monetary and other macroeconomic 

fundamentals, typically using VECMs or VAR models. By drawing on 

bootstrapping methods by Diebold and Mariano (1995), Mark (1995) finds 

that exchange rates are predictable at long time horizons. Kilian (1999) 

however rejects this finding by pointing at the low robustness of Mark’s 

prediction and bootstrap method.  In general, exchange rates seem to be fairly 

predictable over long time horizons by looking at monetary and other 

macroeconomic fundamentals (Mark & Sul 2001, Groen 2005, McCracken & 

Sapp 2005, Clark & West 2006, Bacchetta & van Wincoop 2006, Bergin 2006, 

Engel & West 2006, Mark 2009) or interest rates with long maturities 

(Alexius 2001, Chinn & Meredith 2004, Chinn 2006). Other studies have 

found a link between unexpected monetary policy shocks, the exchange rate 

and UIP deviations (Eichenbaum & Evans 1995, Scholl & Uhlig 2008, 

Bjørnland 2009). Andersen et. al. (2001a, 2007b) use high frequency data to 

show that there are quick and large conditional mean jumps in the exchange 

rate to news about macroeconomic fundamentals (s. also Ehrmann & 

Fratzscher 2005, Faust et. al. 2007). Another set of arguments has attributed 

the failure of the UIP and Exchange Rate Disconnect Puzzle to market 

microstructure and the gradual revealing of information via price discovery 

driven by order flow (Evans 2002, 2010, Evans & Lyons 2002, 2008).  

 

The failure of the UIP leads investors to speculate. One of the simplest 

speculation strategies is the carry trade. Given the naivety of the strategy, it 

is puzzling why carry trade returns seem to be so persistent and are not 

arbitraged away. Unlike stock market returns, carry trade returns do not 

vanish under diversification (Burnside et. al. 2008) or hedging (Burnside et. 
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al. 2011a) and have high Sharpe-Ratios. Transaction costs, such as bid-ask 

spreads seem to be negligible (Burnside et. al. 2006, 2011a).  

 

One explanation for these returns has been the presence of a Peso problem. In 

Fama’s (1984) seminal paper he points to “doomsday theory” as one of the 

explanations of such significant risk premia. Bates (1996) however finds that 

actual raw losses during ‘Peso events’ are very contained. This is related to 

the Mehra-Prescott puzzle (1985): Equity premia are too high to be an 

adequate compensation for risk given plausible estimates of risk aversion. 

Rietz (1988) attempts to solve the puzzle by including a crash-probability into 

a consumption-based asset-pricing model. Barro (2006) confirms this result by 

using data from historical crash states. In a similar spirit, Lustig and 

Verdelhan (2007) build a consumption-risk based model to explain carry trade 

returns using strong stochastic discount factor (SDF) variations, which they 

deem to be inconsistent with plausible risk aversion. Brunnermeier et. al. 

(2009) find that sudden exchange rate movements unrelated to news can cause 

unwinding of carry trade returns, if investors are close to their funding 

constraints. They posit that carry trade returns and their negative skewness 

may price disaster risk, but could also be explained by a liquidity premium. 

Jorda and Taylor (2012) reject Brunnermeier et. al. by arguing that the UIP 

is an ex-ante condition, which broadly holds using survey data from investors, 

whilst the carry trade is an ex-post phenomenon. Thus, second-moment 

arguments and negative skewness lead to lack of arbitrage. By using a 

Fundamental Equilibrium Exchange Rate (FEER) model they reject the 

hypothesis that carry trade returns are skewed due to market stress or 

liquidity concerns. Burnside et. al. (2011a) show that carry trade returns 

cannot be explained by traditional risk factors, yet may be explained by a 

Peso problem, if the SDF is affected by similar fat-tailed risks. Thus, whilst 
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losses might be contained in case of a large reversal, the investor feels the 

losses more severely given a high SDF, even if using a hedged strategy. 

Burnside et. al. (2011b) argue that price pressure could be a plausible, 

competing explanation. Moreover, they argue that the recent Global Financial 

Crisis does not classify as a Peso problem, because other strategies, such as 

momentum trading, were still profitable. Lustig et. al. (2011) decompose risk 

premiums into a global and a home risk factor. In times of high global risk the 

SDF is affected similarly to returns across all currencies. Low interest 

currencies act as insurance as they are likely to appreciate after an adverse 

global shock. Menkhoff et. al. (2012) confirm this result and show that foreign 

exchange volatility innovations are an important risk factor for carry trade 

returns. Chung and Jorda (2009) use a FEER model to successfully predict 

the unwinding of carry trade returns. They show that even if exchange rates 

are a random walk, carry trade returns can be persistent, because of low 

currency variation. However, outside of what they term a “band of 

tranquillity” large reversals can completely wipe out these returns.  

 

Another set of theories models the Peso problem as the risk of an exchange 

rate switching to another regime or realignment. Hallwood et. al. (2000) find 

that a Peso problem was present from 1890-1908 in the US dollar, based on an 

expected regime change in the gold standard that never materialised. Drawing 

on arbitrage-based tests for target-zone credibility of exchange rates by 

Bertola and Svensson (1993) and Campa and Chang (1996), Campa et. al. 

(2002) show that the Brazilian Real was a mixture of a crawling peg in the 

short-run with a superimposed target-zone in the long-run and estimate 

realignment probabilities. More theoretical and asset pricing-based 

explanations can be found in Engel and Hamilton (1990), who model any 

given quarter change in the exchange rate as coming from one of two regimes 
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(rising or falling). Kaminsky (1993) uses this analysis to investigate whether 

exchange rate forecasts can be biased, but still rational. In his analysis, a Peso 

problem is present, if the underlying model is dynamic. This allows investors 

to be rational and make repeated mistakes at the same time.  

 

Whilst the literature has stressed the importance of fat tails in exchange rates, 

there are virtually no endeavours to explore the implications on exchange rate 

predictability and raw undiscounted carry trade returns. This paper attempts 

to fill these gaps, estimating raw undiscounted carry trade returns by 

imposing various fat-tailed distributions on different exchange rates. 

Moreover, it uses a more rigorous way of testing for Peso risks in form of 

regime-switching by directly modelling the distributions using model-based 

clustering techniques. 
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III. Data 
 
This paper uses monthly exchange rate data from the FRED database of the 

following eleven currencies typically used in the literature: UK, EU, JPN, 

CHF, AUS, NZ, CAN, SWE, DEN, SING, NOR. All of them are defined as 

foreign currency to dollar. The exchange rates are non-seasonally adjusted 

monthly averages of noon buying rates of New York City cable transfers 

payable in foreign currencies. In line with Burnside et. al. (2011a) and Lustig 

and Verdelhan (2007) Libor interest rates were used. Libor rates for UK, EU, 

JPN, CHF, AUS, NZ, CAN, SWE, DEN came from the FRED website, 

whereas Norwegian and Singaporean rates came from the respective monetary 

authority website. The FRED data were 1-month non-seasonally adjusted 

Libor rates at daily frequencies, which were converted into monthly rates by 

taking averages in line with the exchange rate data. The Norwegian and 

Singaporean rates were already in this form.  

 

The list below tabulates the running length of the data: 
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         Table 1 
          

Currency/ 
Rate Length Data 

Points 
UK Jan 1971-Mar 2017 555 
EU Jan 1999-Dec 2017 219 
JPN Jan 1971-Mar 2017 555 
CHF Jan 1971-Mar 2017 555 
AUS Jan 1971-Mar 2017 555 
NZ Jan 1971-Mar 2017 555 

CAN Jan 1971-Mar 2017 555 
SWE Jan 1971-Mar 2017 555 
DEN Jan 1971-Mar 2017 555 
SING Jan 1971-Apr 2007 555 
NOR Jan 1971-Mar 2017 555 

Libor US Jan 1986-Mar 2017 375 
Libor UK Jan 1986-Mar 2017 375 
Libor EU Jan 1999-Mar 2017 219 
Libor JPN Jan 1986-Mar 2017 375 
Libor CHF Jan 1989-Oct 2012 284 
Libor AUS Jan 1989-Aug 2012 282 
Libor NZ June 2003-October 2010 113 

Libor CAN May 1990-August 2012 268 
Libor SWE Jan 2006-Oct 2012 84 
Libor DEN Jun 2003-Nov 2012 112 
Libor SING Aug 1986-Mar 2007 248 
Libor NOR Feb 1986-Jan 2014 336 

 
 

The Libor rate lengths are fairly short for some currencies, since the country-

specific Libor was phased out by a lot of monetary authorities around 2010-

2012. Thus, analysis is only possible in the time window for which Libor rates 

are available.  
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IV. Methodology 
 
a) Generalised Linear Model (GLM) 

 
The GLM estimates the standard UIP regression by Maximum Likelihood 

Estimation (MLE; all variables in logarithms): 

 
et =α + β1et−1 + β2rt−1 + β3rt−1

* + ε t       (1) 
 
where et  is the exchange rate and rt−1  and rt−1*  are the dollar and foreign 

interest rate respectively. After running the estimation, one can compute the 

forecast errors ε̂ t . Under standard UIP assumptions, these should be zero, 

which can be tested using t-tests1. If the forecast errors are significantly 

different from zero, there are arbitrage and hence carry trade opportunities. 

Under risk neutrality, the carry trade return is defined as the forecast error 

(Lewis 2017). The Peso problem states that the true distribution of the 

exchange rate is fat-tailed, i.e. the risk of a large reversal is higher than under 

the Normal distribution. Conclusively, in order to investigate the presence of a 

Peso problem, one can vary the distribution of the error term by imposing a 

range of plausible fat-tailed distributions. If the true distribution of the 

exchange rate is fat-tailed, then fitting a fat-tailed distribution in the MLE 

regression should push the estimated forecast error to zero. This paper uses 

three distributions as an exploratory study: The Normal distribution as a 

baseline, followed by the Cauchy distribution as a deliberately extreme 

example of a fat-tailed symmetric distribution, and the Gamma distribution 

for a skewed, fat-tailed distribution. Note that since the model is estimated in 

logarithms, there are negative values for some exchange rates (EU, CHF, 

AUS, NZ, CAN). In these cases this paper uses a log-Gamma distribution. 
																																																								
1	In terms of the forecast error, there is no difference in running the regression on both 
interest rates individually (s. above) or on the interest differential.	
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b) Dynamic Conditional Score Model (DCS) 

 

Equation (1) is an ARIMA(1,0,0) model. Estimating ARIMA models with fat-

tails via MLE has some major drawbacks leading to serious robustness issues. 

ARIMA models with a fat-tailed distribution are designed to deal with 

innovation outliers, instead of additive outliers (Harvey & Luati 2014). The 

plain GLM incorporates outliers for too long and weights them too strongly. A 

more robust method can be found in the Dynamic Location Model (Andres & 

Harvey 2012), which belongs to the class of Dynamic Conditional Score or 

Generalised Autoregressive Models (Creal et. al. 2013, Harvey 2013: pp. 11-15, 

59-65, 70-75; R-Code: Ardia et. al. 2016a, 2016b, Catania et. al. 2016). The 

Dynamic Location model takes the following form: 

 

et =α + β1et|t−1 + β2rt−1 + β3rt−1
* + ε t

et−1|t = γ et−1|t−2 + kut−1      (2) 

 

where ut−1  is the conditional score and k is a factor of proportionality. For 

simplicity, this paper assumes a time-invariant scale. DCS-models are 

unobserved components models. Here, the unobserved process is the 

underlying AR-process of the exchange rate. This seems sensible, as exchange 

rates are supposed to follow a random walk (Meese & Rogoff 1983). The 

inclusion of the score does not only lead to desirable asymptotic properties, 

but also dampens the effect of outliers on the level (s. Harvey 2013). Thus, it 

is a more robust method for estimating fat-tailed linear models. The three 

distributions used for the DCS-model are: The Normal as a baseline, student-t 
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distribution as an example for a fat-tailed symmetric distribution and the 

Gamma distribution for a skewed fat-tailed distribution. 2 

 

As in the GLM, the DCS-model estimates the conditional carry trade returns. 

These may be conditionally non-zero at time t, but the realisation of the 

actual return at t+1, may be zero, e.g. because there was an unexpected 

reversal in the exchange rate. Statistically, this suggests that the conditional 

distribution is different from the realised distribution next period. Say an 

investor takes a carry trade position at time t, because she believes the 

exchange rate to be Gaussian. If the distribution changes to a fat-tailed 

distribution, she will make a non-zero, probably negative forecast error. 

However, if the conditional distribution matches the realised distribution, the 

forecast error will be zero. Thus, the DCS-model investigates the Peso 

problem as rational investors making errors, because of potential changes in 

the underlying model (s. Kaminsky 1993).  

 

c) Mixture of Gaussians 

 

The shapes of the kernel-density estimates of the exchange rates (s. below) 

suggest that most of the observed distributions might not be simply fat-tailed, 

but a mixture of Gaussian distributions. GLMs and DCS models are unable to 

incorporate these subtleties. Thus, these models may ignore a Peso problem 

occurring in the form of clustering.  
 

																																																								
2	N.B: This paper uses the student-t distribution as an approximation of the Cauchy and for 

negative series the skewed student-t distribution instead of the log-Gamma, as neither the log-

Gamma nor the Cauchy are currently available in the GAS-R package and vice versa for 

GLM. 
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   Figure 1a       Figure 1b 

   
 

   Figure 1c       Figure 1d 

  	
	

   Figure 1e       Figure 1f 

  	
	

   Figure 1g       Figure 1h 
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    Figure 1i       Figure 1j 

  	
	

   Figure 1k        

	
	
	
In order to fit the optimal number of Gaussians, this paper uses the “MClust” 

package in R (Fraley & Raftery 2002, 2005, 2007, Fraley et. al. 2012). The 

algorithm uses MLE and Expectation Maximisation (EM) (Dempster et. al. 

1977) to fit multiple Gaussian distributions to a given sample distribution.  

 

Let the density function of a given variable be given by: 

 

f (xi ,Ψ) = π j f j (xi ,Φ j )
j=1

k

∑
 

 
where Ψ = ({π1,  . . ., π k , Φ1,  . . ., Φk})  are the parameters of the mixture model 

(in the Normal case typically means and variances), f j (xi ,Φ j )  is the j-th 

component density for observation xi  and {π1,  . . ., π k}  are the mixing 

weights or probabilities with k number of components. Deriving the log-
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likelihood is trivial, but estimation by MLE directly tends to be very 

cumbersome. Since this method is prone to overfit, the Bayesian Information 

Criterion (BIC), which penalises overfitting, is used to compare between 

models. Note, that in the case of a mixture of Normal distributions the 

variances between the different clusters need not be the same.  

 

The “MClust” algorithm has been rarely used in economics and finance. Some 

applications can be found in corporate financial distress analysis (Cutugno 

2011), income disparity studies (Kong & Wan 2015) and financial wave 

models (Dima et. al. 2015). Note that model-based clustering in this case is 

the more robust and superior method compared to estimating returns by 

GLMs or DCS models. First of all, the algorithm models the distribution 

directly, rather than imposing a distribution a priori like the GLMs or DCS 

models. Secondly, it can easily adjust to changes in means and variances and 

can fit an arbitrary number of clusters, if necessary. The BIC regularises this 

and thus also helps dealing with outliers: An outlier may be assigned an 

individual cluster, but this would be heavily penalised by the BIC. 

 

d) Finite Mixture Model (FMM) 

 

The Finite Mixture Model runs a mixture of simple linear regression models or 

cluster-wise regressions (DeSarbo & Cron 1988), e.g. for mixtures of 

Gaussians. Therefore, it can estimate carry trade returns of different clusters 

of a given exchange rate. The number of clusters is specified based on the 

findings of the “MClust” algorithm.  
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Let the density function of a given variable be given by:  
 

f (y | x,ψ ) = π j f (y | x,φ j )
j=1

k

∑
 

 
where f density function and ψ = (π1,...,π k ,φ1,...φk )  is a vector of all the 

parameters. For simplicity, let the density be a Normal distribution with 

mean zero and variance σ 2 . Thus, the equation above describes the posterior 

probability that an observation x  belongs to the j-th cluster is given by: 

 
P( j | x, y,ψ ) =

π j f (y | x,φ j )

π h
h
∑ f (y | x,φh )

 
 
The parameters are then estimated by maximising the log-likelihood: 
 

logL = log f (yt | xt ,ψ )
t=1

T

∑ = log(
t=1

T

∑ π j f (y | x,φ j )
j=1

k

∑ )
 

 
Direct maximisation is often infeasible and thus the most prevalent method is 

the iterative EM algorithm, which first estimates the posterior class for each 

observation t and then maximises the log-likelihood for each component with 

the posterior probability weights: 

 
Posterior cluster probability: pth = P(h | xn , yn ,ψ̂ ) , with prior cluster probability  
 

π̂ h =
1
T

p̂th
t=1

T

∑
 

 

Maximisation step: max
φh

p̂th log f (yn | xn ,
t=1

T

∑ φh )
 

 
There is a danger of overfitting, if a cluster is empty or two or more clusters 

have the same parameters. In this case, the model could be simplified with 

fewer clusters. The “FlexMix” algorithm in R avoids overfitting by removing 
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clusters where the prior π h  falls under a certain threshold, i.e. deletes 

vanishing prior probabilities (Leisch 2004, Grün & Leisch 2007, Grün & 

Leisch 2008). The BIC is used to compare different models.  

 

This technique has seen applications in stock market microstructure (Hütl et. 

al. 2006) income studies (Bartošová & Forbelská 2011), job satisfaction 

studies (Hofmans et. al. 2013) and classification of EU member states (Witek 

2011). 

 

Importantly, the estimated returns are conditional returns: Conditionally on 

being in a cluster (e.g. a specific exchange rate regime), carry trade returns 

may be non-zero. However, unconditionally, given the presence of other 

clusters, the returns may be zero.  
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V. Results 
 
a) Generalised Linear Model (GLM) 

 
Surprisingly, the Gaussian-GLM produces the lowest forecast errors and tends 

to have the highest p-values (s. Appendix B). Apart from four instances, none 

of the GLMs produce forecast errors significantly different from zero. The 

means and Sharpe-Ratios of the four significant examples even suggest 

negative carry trade returns. It is also important to note that all of these cases 

come from a Cauchy distribution, which exhibits an unsurprisingly bad fit and 

was only included as an extreme case.  

 

In line with Jorda and Taylor (2012), higher moments of carry trade returns 

may be also important. The density plots (s. below) show that both the 

Gamma and Gaussian models’ forecast errors seem to be more centred around 

zero, whilst the Cauchy model has much fatter tails. In five cases the Gamma 

distributions of the errors are more concentrated around zero than the 

Gaussian errors. However, Kolmogorov-Smirnov (KS) tests confirm a high 

distributional fit of the Gaussian models compared to a low fit for the Cauchy 

and Gamma models (s. Appendix D). It is worth noting that the KS-test is 

very sensitive and even slight deviations from the comparison distribution lead 

to negative test results. Thus, this finding can be treated as very robust. 
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      Figure 2a                 Figure 2b 

  	
 
     Figure 2c                Figure 2d 

   
    

   Figure 2e                Figure 2f 

   
 
   Figure 2g                Figure 2h 
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       Figure 2i                Figure 2j 

  	
 
    Figure 2k     

 
 
 
There is an extraordinarily high fit of the simple (Gaussian) linear model. The 

reason for this might be the extremely good fit of the underlying AR-process: 

The lagged exchange rate has such a high predictive power that it produces a 

mean-zero forecast error. Even varying the lag length to 6, 12 and 18 months 

as opposed to one month does not substantially change this phenomenon. 

Moreover, if moving to daily frequencies and thus increasing the number of 

observations, the fit becomes even better. This supports Meese and Rogoff’s 

(1983) random walk result. The superior forecasting power of the AR(1) 

unveils some tension between forecasting the exchange rate using the UIP and 

the random walk hypothesis. The results seem to contradict Fama (1984) in 

that the UIP holds even without adding a risk-premium, because of the good 

fit of the underlying AR-process. However, this can also be due to the fact 

that exchange rates have a much higher variance than interest rates. Thus, 
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interest rates will not be able to explain much of the variation in the exchange 

rate. 

 

b) Dynamic Conditional Score Model (DCS) 

 

Similar to the GLM results, safe one example, none of the DCS-estimated 

carry trade returns are significantly different from zero (s. Appendix C). It is 

not obvious which DCS-model produces lower forecast errors, however it is 

surprising that the Gaussian-DCS models have lower p-values. Furthermore, 

the t-distribution seems to have forecast errors more centred around zero. 

Nonetheless, the Gaussian models perform unequivocally better in KS-tests.  

 

Compared to the GLM results, the DCS-models produce bigger forecast errors, 

lower p-values and inferior KS-statistics. This suggests that the true model is 

simpler than the DCS-model: The DCS-estimation introduces an additional 

error term by modelling the exchange rate as an unobserved components 

model. Moreover, the introduction of the conditional score lowers its 

sensitivity to outliers. However, if the true distribution is Normal and thus the 

occurrence of outliers is sparse, the DCS-model is inefficient due to the 

additional noise term and will produce higher errors due to the limiting 

behaviour of the score.  

 

The intermediate conclusion from the GLM and DCS results seems to be that 

conditioning on the previous period, carry trade returns are zero and there is 

no Peso problem. However, this might result from the high fit of the 

underlying AR-process. Graphing normalised Gaussian distributions against 

the exchange rate density estimates show a good fit in most cases, but the 
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results in general are mixed.3. For the non-Normal cases, fitting a Gaussian 

does not pick up on little “humps” or clusters that are present in most 

exchange rates. The presence of clusters suggests that exchange rates may be 

fluctuating between multiple “equilibria” or regimes. A Peso problem may 

occur in form of regime-switching rather than a simple fat-tailed distribution. 

Multiple papers have investigated the behaviour of exchange rates fluctuating 

between different regimes (Engel & Hamilton 1990, Kaminsky 1993, Bekaert 

et. al. 2001) or being in two regimes at the same time (Campa et. al. 2002). 

Therefore, the previous analysis of this paper may be rather crude. Estimating 

returns based on a directly modelled rather than an imposed distribution 

seems to be a more accurate and robust approach. 

 
         Figure 3a                 Figure 3b 

  	
	
          Figure 3c                 Figure 3d 

   
           

																																																								
3	KS-tests were also run on the exchange rates and produced similar mixed results, but could 
not be reported given the word limit.	
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Figure 3e                 Figure 3f 

   
 
         Figure 3g                 Figure 3h 

  	
	
         Figure 3i              Figure 3j 

  	
 
    Figure 3k     
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c) Mixtures of Gaussians 

 

Testing for mixtures of Gaussians yields that most exchange rates exhibit 

multiple clusters, except NZ, SWE and DEN (s. graphs below). Typically, the 

exchange rate separates into a main cluster and one or more smaller, less 

pronounced ones. Given the robustness of model-based clustering, the fitted 

distributions can be regarded as very accurate and more robust than the 

imposed ones in the GLMs and DCS-models. The table below shows the 

preferred cluster numbers with corresponding BICs (non-constant variance 

marked by †). 
 
 

      Figure 4a (Density UK)       Figure 4b (Density EU) 

   
	 	  

      Figure 4c (Density JPN)       Figure 4d (Density CHF) 
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      Figure 4e (Density AUS)       Figure 4f (Density NZ) 

  		 	
      Figure 4g (Density CAN)       Figure 4h (Density SWE) 

  	
 

      Figure 4i (Density DEN)       Figure 4j (Density SING) 

  	
	

      Figure 4k (Density NOR)        
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     Table 2 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
   
           
    
 
 
d) Finite Mixture Model (FMM) 

 
Before analysing the results, a few issues are worth mentioning: Firstly, the 

number of clusters imposed for the FMMs was chosen based on the “MClust” 

results, since it gives a more robust and accurate estimate of the optimal 

number of clusters. Where only one cluster was suggested, two were fitted for 

the sake of providing an interesting analysis. Furthermore, where more 

clusters were imposed than are reported, the omitted clusters were empty and 

thus ignored by the “FlexMix” package to avoid overfitting. No analysis was 

possible for the UK exchange rate, since the algorithm did not converge to a 

fixed point.  

 

 

 

Exchange 
Rate Number of Clusters  BIC  

UK 4 708.7224† 
EU 2 223.8377 
JPN 4 229.5813 
CHF 4 187.1735† 
AUS 3 226.9218 
NZ 1 173.6664 

CAN 5 346.4345 
SWE 1 174.1633 
DEN 1 256.7231 
SING 3 423.9412† 
NOR 2 450.219 
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The analysis shows that the different clusters produce non-zero forecast errors 

(s. table below4).  

 
Table 3 

Currency 
Number 

of 
Clusters 

BIC 
Cluster 
Model 

Cluster t-statistic p-value Mean  
Return 

Variance 
Return 

Implied 
Sharpe-Ratio 

Combined 
Mean Return 

across 
Clusters 

EU 2 -859.0354 
1 1.0732 0.2846 0.00209288 0.00073023 0.07744865 

0.0009269407 
2 -0.5116 0.6095 -0.00094310 0.00065245 -0.03692174 

JPN 4 -1528.807 

1 -11.0840 0 -0.02031199*** 0.00121233 -0.58336846*** 

-0.01124607** 
2 -4.2320 0 -0.00902796* 0.00164281 -0.22273903* 

3 -0.4721 0.6372 -0.00068045 0.00075002 -0.02484629 

4 14.0670 0 0.02897191*** 0.00153126 0.74037704*** 

CHF 4 -1164.105 

1 -8.0818 0 -0.01543814*** 0.00104362 -0.47788633*** 

-0.007051378 2 -1.6582 0.09838 -0.00335215 0.00116878 -0.09805199 

3 6.0116 0 0.01063936*** 0.00089580 0.35547489*** 

AUS 3 -1225.991 

1 -2.1452 0.03279 -0.00576346** 0.00205004 -0.12729251** 

-0.007448159 2 -0.4028 0.6874 -0.00066302 0.00076950 -0.02390136 

3 4.4334 0 0.00741874*** 0.00079527 0.26307156*** 

NZ 2 -434.9121 
1 2.4831 0.01451 0.00718084* 0.00094500 0.23359228* 

-0.04956418*** 
2 -16.562 0 -0.05677554*** 0.00132800 -1.55798011*** 

CAN 5 -1406.9 

1 0.802 0.42330 0.00081988 0.00028007 0.04899094 

0.0007179315 2 0.4403 0.66010 0.00071634 0.00070930 0.02689720 

3 -3.4892 0.0005665 -0.00636584*** 0.00089206 -0.21313718*** 

SWE 2 -317.9717 
1 0.1754 0.8612 0.00057995 0.00091836 0.01913755 

-0.001006098 
2 -1.9465 0.05498 -0.01341058* 0.00398733 -0.21237643* 

DEN 2 -476.2596 
1 1.093 0.2767 0.00255722 0.00062407 0.10236483 

-0.004368462 
2 -2.6149 0.01014 -0.00679504** 0.00076981 -0.24490711** 

SING 3 -1351.658 

1 6.3383 0 0.00578084*** 0.00020629 0.40248363*** 

-0.008392709*** 2 -3.8631 0.0001431 -0.00401888*** 0.00026840 -0.24530890*** 

3 -11.184 0 -0.01015654*** 0.00020452 -0.71020223*** 

NOR 2 -1498.5 
1 0.8309 0.4066 0.00124300 0.00075194 0.04532928 

0.001208805 
2 -0.0236 0.9812 -0.00003392 0.00069638 -0.00128537 

 
 

 

 

 

																																																								
4	* implies significant at 10%, ** 5%, *** 1% 
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Typically, one cluster will have a positive, whilst at least one other will have a 

negative forecast error. In case of a higher number of clusters, the remaining 

forecast errors tend to be insignificantly different from zero or also negative. 

The significant forecast errors tend to lead to high Sharpe-Ratios. The average 

return across the different clusters in a given currency tends to be 

insignificantly different from zero. This suggests, that whilst the conditional 

forecast error on being in a certain cluster is often non-zero, the unconditional 

forecast error across all clusters is zero. The distributions of the forecast errors 

often differ in location (e.g. NZ) or the length and fatness of their tails (e.g. 

JPN or SWE). This suggests, that whilst conditionally on the previous period 

forecast errors may be zero, conditional on being in a particular cluster or 

“regime” there is scope for non-zero carry trade returns. Thus, merely fitting a 

“one-size-fits-it-all” distribution is insufficient to account for the more subtle 

behaviour in the exchange rate. A Peso risk appears to stem more from the 

fluctuation between regimes nested within a broadly Gaussian distribution, 

rather than a generically fat-tailed distribution. Therefore, the Peso problem 

is statistically more nuanced than previously thought. Moreover, the analysis 

suggests that even if the unconditional distribution may be Gaussian, the 

model still changes over time by moving between different clusters. 
 
 

    Figure 5a                    Figure 5b  
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   Figure 5c                   Figure 5d 

   
 

   Figure 5e                  Figure 5f 

   
 

    Figure 5g                    Figure 5h  

   
 

    Figure 5i                   Figure 5j 
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VI. Discussion 
 
The evidence on the existence of unconditionally non-zero carry trade returns 

is mixed given the kernel-density estimates and KS-tests. However, the results 

for conditional carry trade returns are clearer. GLMs and DCS models both 

unilaterally reject the notion of non-zero carry trade returns and the presence 

of a Peso problem. The Gaussian distribution has not only the best fit in both 

cases, but even when imposing fat-tailed distributions, returns tend to be zero, 

albeit with higher spreads. The results contradict Fama (1984) by finding no 

deviations from the UIP and thus no evidence for time-varying risk-premia. 

The high fit may come from the underlying AR-process, broadly confirming 

Meese and Rogoff’s (1983) random walk hypothesis. 

 

Another surprise is the bad fit of the DCS-model and the extent of the 

superior performance of the simple GLM. This suggests that modelling the 

exchange rate as an unobserved component is faulty. Moreover, the DCS- 

model is normally used to deal with fat-tailed variables, but seems to perform 

even worse in those cases. This furthermore rejects the idea of conditionally 

fat-tailed exchange rates. The clear evidence in favour of conditional 

Normality and mixed evidence on unconditional Normality begs the question 

for directly modelling the sample distribution, rather than imposing one quasi 

a priori. From comparing the sample to the standardised Normal distributions 

it becomes clear that a simple Gaussian distribution is unable to pick up 

certain subtleties like clustering.  

 

The “MClust” results show clear evidence for clustering for most of the 

exchange rates. Thus, one can reject unconditional Gaussianity for the 

majority of the exchange rates. Clustering is a more nuanced result than a 
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simple fat-tailed distribution and yields more interesting economic 

interpretations. The results suggest a fluctuation of the exchange rate between 

multiple “equilibria” or regimes. Additionally, it casts doubt on the idea of a 

Fundamental Equilibrium Exchange Rate (s. Jorda & Taylor 2012) and seems 

to favour the interpretation of dynamically unstable or semi-stable equilibria. 

More broadly, this is also consistent with the underlying model either 

changing over time or being in two regimes simultaneously. The latter result 

is in line with Campa et. al. (2002), who find that the Brazilian Real used to 

be a mixture of a crawling peg over short and a target-zone over long 

horizons. The idea is also supported by Reinhart and Rogoff’s (2004) criticism 

of the IMF’s classification of exchange rate regimes. They argue that most 

exchange rate regimes are not unified, but are multiple or at least dual 

systems prevailing in parallel markets for a long time.  

 

The result is closely linked to the idea of realignment risk. Exchange rates can 

be conceptualised to be in between regimes, even if the official regime is a free 

float. In the simplest case, this can mean being in between a rising and a 

falling regime coming from a Markov-Chain (Engel & Hamilton 1990). 

Inherently, the model for the exchange rate is changing over time and thus 

allows for rational investors making repeated mistakes (s. Kaminsky 1993). 

Another conceptualisation sees that the Peso risk is less a risk of an a priori, 

quasi-unbounded devaluation and more a regime-switching risk. This is 

supported by Hallwood’s et. al. (2000) study of an anticipated regime change 

in the gold standard, and thus the US dollar, between 1890 and 1908, which 

never materialised and led to a Peso problem situation. Note, that whilst the 

actual movement in the exchange rate may not be substantial, it could cause 

serious losses to investors, as evidenced by the FMM results. A third 

interpretation utilises Krugman’s (1979) idea of a “shadow exchange rate”: Let 
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a country’s exchange rate be under a certain regime, e.g. a peg. The country 

monetises its debt and suffers from bad macroeconomic fundamentals. The 

only way it can sustain the peg is by using its foreign reserve resources, which 

will run out in finite time and cause a currency crisis. Investors anticipate this 

and speculate against the currency by taking into account the exchange rate 

that prevails, when the regime has been abandoned. Since a currency crisis is 

nothing but a synonym for a Peso event, this explanation seems natural. 

However, none of the currencies studied seem to fall into the category of the 

model studied by Krugman. Unfortunately, it is impossible to discriminate 

between these different interpretations, since there is no statistical way of 

determining whether the exchange rate separates into different clusters at 

distant periods or roughly the same time.  

 

The FMM results imply that typically there is one profitable cluster and at 

least one yielding negative returns. This exemplifies the Peso problem: An 

investor speculating to be in a profitable cluster may experience a loss by the 

model changing over time and moving to a non-profitable cluster. Therefore, 

carry trade returns are non-zero conditional on being in a particular cluster. 

Since the SDF will differ in the different states, it is impossible to make any 

inferences on the unconditional returns by simply taking the average of the 

clustered returns (s. Lustig & Verdelhan 2007, Burnside et. al. 2011a). 

However, the average raw carry trade return across all clusters seems to be 

insignificantly different from zero. This suggests, that the clustered regression 

has an unconditional zero forecast error, but conditionally non-zero forecast 

error. Under risk neutrality, this implies that the carry trade on average is 

non-profitable due to regime-switching risks. 
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Despite the limitation posed by the lack of SDF-estimates, it is still possible 

to rationalise or at least conjecture investor behaviour. Essentially, investors 

engage in a bet over quasi-discrete states (i.e. exchange rate regimes). Given 

realignment risk, engaging in carry trade is therefore not a risk-free arbitrage 

strategy. Moreover, the “MClust” and FMM results show that such 

realignment risk is statistically significant. Crucially, one can infer that a Peso 

risk is present and relevant, even if not knowing the unconditional returns. 

The argument for this is twofold, one resting on behavioural, and the other on 

“classical” economics. The behavioural argument uses the idea of loss and 

ambiguity aversion (e.g. Kahnemann & Tversky 1991, Kahnemann, et. al. 

1991, Fox & Tversky 1995) and the Equity Premium Puzzle (Mehra & 

Prescott 1985, Benartzi  & Thaler 1995). The latter is the phenomenon of 

investors having to be compensated for risky assets more than plausible risk-

aversion would allow. Based on the FMM results, a carry trade strategy 

essentially bifurcates into either making a gain or a loss with an imperfectly 

known or unknown probability. The presence of a risk of a substantial loss 

leads investors to become more risk-averse and thus abstain from arbitrage. 

This becomes more nuanced when introducing ambiguity aversion. The latter 

captures the fact that individuals, when faced with a gamble where the 

underlying probability distribution is imperfectly known or unknown, become 

even more risk-averse.  

 

A more “classical” argument uses the idea of funding constraints: Take a 

gambler with a set amount of money in a casino. She is faced with a gamble 

that unconditionally on average leads to her making gains, but has a 

probability of making a large loss wiping out her entire budget and thus 

stopping her from playing again. Even if this probability is small, it is non-

negligible, since there is no chance to make up for the loss in another gamble. 
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Therefore, it is rational for a risk-averse individual to abstain from the 

gamble. Conclusively, even if unconditionally carry trade returns may be 

positive, the non-zero realignment risk makes it unattractive to engage in 

arbitrage. Hence, higher moments are vital when analysing carry trade (s. 

Jorda & Taylor 2012). This may also capture Brunnermeier’s et. al. (2009) 

finding of carry trade returns unwinding and losses being more severe when 

investors are close to their funding constraints.  
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VII. Conclusion 
 
This paper has offered a number of new, statistically robust ways of analysing 

the Peso problem and the returns to carry trade. The GLMs and DCS-models 

have found no evidence for conditionally non-zero carry trade returns. In fact, 

the analysis showed a surprisingly high fit of the standard Gaussian model. In 

general, there is mixed evidence for unconditionally non-zero carry trade 

returns and Normality. For the majority of the exchange rates, imposing a 

mixture of Gaussians yields multiple clusters. These can be thought of as 

multiple exchange rate regimes or “equilibria”. Based on the modelled 

distributions, FMMs based on the different clusters find non-zero carry trade 

returns, conditional on being in a certain cluster. No final inference could be 

made on unconditional returns given the lack of a SDF. However, the 

clustering shows that the Peso problem seems to be present in form of a 

realignment or regime-switching risk. Therefore, this paper finds that the 

carry trade is not a risk-free arbitrage strategy. In fact, under the assumption 

of risk neutrality the results imply that the carry trade on average is non-

profitable due to regime-switching risks.  

 

There is a number of non-mutually exclusive ways one can conceptualise these 

results: First of all, the carry trade is essentially a bet on an exchange rate to 

be in a particular cluster. A Peso problem is present in form of a regime-

switch to another cluster, i.e. a change in the underlying model causing 

negative returns. Another theory may be that the exchange rate is in limbo 

between its predominant observed value and a  “shadow exchange rate” 

(Krugman 1979). A more behavioural approach can explain carry trade 

returns in presence of a realignment risk using loss and ambiguity aversion. 

Finally, a more classical approach models investors as having limited funding 
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for speculation. If there is a gamble that may unconditionally yield positive 

average returns, but contains a small risk of wiping out all the investor’s 

funding, arbitrage may become unattractive. Whilst any of these explanations 

seems to be statistically and economically plausible it is yet impossible to 

discriminate between them in a rigorous way.  
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VIII. Appendix 

 

A. Exchange Rates  

 

N.B.: Grouped together by graphical convenience  
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B. Table of GLM Results 
 
 
Currency Model/Distr t-statistic  

of return 
p-value     

of return 
Mean 
return 

Variance 
return 

Implied 
Sharpe-Ratio 

UK 

Normal GLM 0 1 0 0.000546067 0 

Cauchy GLM -1.1482 0.2516 -0.001729 0.000845453 -2.044723 

Gamma GLM -0.47206 0.6372 -0.001816 0.005520006 -0.328981 

EU 

Normal GLM 0 1 0 0.000582677 0 

Cauchy GLM -21.25 0 -0.205859*** 0.01792406 -11.485082*** 

Gamma GLM 0.014564 0.9884 0.000001 0.0000259 0.029344 

JPN 

Normal GLM 0 1 0 0.000695276 0 

Cauchy GLM -1.3723 0.1708 -0.001984 0.000752637 -2.636311 

Gamma GLM -0.037753 0.9699 -0.000012 0.0000358 -0.332334 

CHF 

Normal GLM 0 1 0 0.000763478 0 

Cauchy GLM -6.0111 0.000000006 -0.022280*** 0.003915314 -5.690461*** 
Gamma GLM 0.02337 0.9814 0.000039 0.000786692 0.049354 

AUS 

Normal GLM 0 1 0 0.000655719 0 

Cauchy GLM -4.731100 0 -0.01468*** 0.002724794 -5.387651*** 

Gamma GLM 0.010959 0.9913 0.000013 0.000394 0.032815 

NZ 

Normal GLM 0 1 0 0.000939574 0 

Cauchy GLM 1.3301 0.1862 0.00415 0.001090342 3.806240 

Gamma GLM 0.005054 0.996 0.000015 0.000948757 0.015505 

CAN 

Normal GLM 0 1 0 0.000268559 0 

Cauchy GLM -4.762200 0 -0.011056*** 0.001439064 -7.682681*** 

Gamma GLM 0.017168 0.9863 0.000018 0.000279744 0.062817 

SWE 

Normal GLM 0 1 0 0.000869358 0 

Cauchy GLM -0.187370 0.8518 -0.000618 0.000902953 -0.684431 
Gamma GLM -0.045652 0.9637 -0.000076 0.000231112 -0.329619 

DEN 

Normal GLM 0 1 0 0.000595755 0 

Cauchy GLM 0.728140 0.468 0.001693 0.000611163 2.770735 

Gamma GLM -0.050394 0.9599 -0.000068 0.000205778 -0.330479 

SING 

Normal GLM 0 1 0 0.00019847 0 

Cauchy GLM -0.491550 0.6235 -0.000561 0.000322054 -1.742820 

Gamma GLM -0.379880 0.7044 -0.001765 0.005331458 -0.331038 

NOR 

Normal GLM 0 1 0 0.000603693 0 

Cauchy GLM -0.496700 0.6197 -0.000684 0.000634519 -1.077339 

Gamma GLM -0.083751 0.9333 -0.000063 0.000189506 -0.332395 
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C. Table of DCS Results 
	
	
Currency Model/ 

Distr 
t-statistic of 

return 
p-value of 

return 
Mean  
return 

Variance 
return 

Implied 
Sharpe-Ratio 

UK 
Normal DCS 0.062233 0.9504 0.00022178 0.004737141 0.046817 

t-DCS 0.0625 0.9502 0.00022178 0.004377194 0.050667 

Gamma DCS 0.049954 0.9602 0.00022178 0.00782766 0.028333 

EU 
Normal DCS -0.15941 0.8735 -0.000632242 0.001629075 -0.388099 

t-DCS -0.096196 0.9235 -0.000589159 0.005461377 -0.107877 

Gamma DCS -0.077431 0.9384 -0.000693411 0.01371991 -0.05054 

JPN 
Normal DCS -0.25921 0.7956 -0.001776242 0.01709338 -0.103914 

t-DCS -0.26382 0.7921 -0.001770699 0.01612729 -0.109795 
Gamma DCS -0.25663 0.7976 -0.001768022 0.01752833 -0.100867 

CHF 
Normal DCS -0.44646 0.6556 -0.002390276 0.007519857 -0.317862 

t-DCS -0.43313 0.6652 -0.002432038 0.008458236 -0.287535 

Gamma DCS -0.30823 0.7581 -0.002173684 0.01438516 -0.151106 

AUS 
Normal DCS -0.094337 0.9249 -0.000575187 0.01070038 -0.053754 

t-DCS -0.2054, 0.8374 -0.000674988 0.002275019 -0.296695 

Gamma DCS -0.099397 0.9209 -0.000605651 0.01058452 -0.05722 

NZ 
Normal DCS -0.36711 0.7142 -0.003107042 0.005949699 -0.522218 

t-DCS -0.34736 0.729 -0.003027621 0.006648171 -0.455407 

Gamma DCS -0.201 0.8407 -0.00191 0.0101311 -0.188589 

CAN 
Normal DCS -0.1328 0.8944 -0.00075431 0.008000777 -0.094280 

t-DCS -0.14362 0.8859 -0.000743842 0.006517505 -0.114130 
Gamma DCS -0.041409 0.967 -0.000316112 0.01602338 -0.019728 

SWE 
Normal DCS -0.62396 0.5344 -0.002271426 0.002359416 -0.962707 

t-DCS -0.26249 0.7936 -0.001995247 0.002343011 -0.851574 

Gamma DCS -0.20198 0.8404 -0.001557599 0.00404369 -0.385192 

DEN 
Normal DCS -0.1925 0.8477 -0.000919117 0.002217248 -0.414531 

t-DCS -0.16176 0.8718 -0.000790126 0.001818135 -0.434581 

Gamma DCS -0.13562 0.8924 -0.000884565 0.004893723 -0.180755 

SING 
Normal DCS -0.10727 0.9147 -0.000415917 0.003525331 -0.11798 

t-DCS -0.089956 0.9284 -0.000365633 0.003623389 -0.100909 

Gamma DCS 0.025378 0.9798 0.000151101 0.0088528 0.017068 

NOR 
Normal DCS 3.6159 0.0003455 0.02262542*** 0.008548439 2.646731*** 

t-DCS -0.14498 0.8848 -0.000766962 0.008519988 -0.090019 
Gamma DCS -0.086269 0.9313 -0.000552169 0.01382501 -0.03994 
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D. KS-Tests for GLM and DCS models 
 
 

Currency 
GLM models DCS models 

Model/Distr test 
statistic p-value Model/Distr test 

statistic p-value 

UK 
Normal GLM 0.063222 0.112 Normal DCS 0.064728 0.0975 

Cauchy GLM*** 0.14756 0 t-DCS*** 0.43285 0 

Gamma GLM*** 1 0 Gamma DCS*** 0.9937 0 

EU 
Normal GLM 0.03676 0.9618 Normal DCS 0.077105 0.2176 

Cauchy GLM*** 0.16332 0 t-DCS*** 0.4427 0 
Gamma GLM*** 0.7207 0 Gamma DCS*** 0.6784 0 

JPN 
Normal GLM 0.041933 0.5742 Normal DCS 0.046142 0.4518 

Cauchy GLM*** 0.13818 0 t-DCS*** 0.41087 0 

Gamma GLM*** 1 0 Gamma DCS*** 0.9887 0 

CHF 
Normal GLM 0.04467 0.638 Normal DCS 0.051986 0.4445 

Cauchy GLM*** 0.18936 0 t-DCS*** 0.42786, 0 

Gamma GLM*** 0.71607 0 Gamma DCS*** 0.9937 0 

AUS 
Normal GLM 0.056019 0.3535 Normal DCS 0.065675 0.1876 

Cauchy GLM*** 0.18655 0 t-DCS*** 0.46191 0 

Gamma GLM*** 0.72457 0 Gamma DCS*** 0.9955 0 

NZ 
Normal GLM 0.087143 0.3695 Normal DCS** 0.14906 0.01522 

Cauchy GLM** 0.14114 0.02424 t-DCS*** 0.4416 0 
Gamma GLM*** 0.726 0 Gamma DCS*** 0.984 0 

CAN 
Normal GLM 0.047339 0.6047 Normal DCS*** 0.15018 0 

Cauchy GLM*** 0.15678 0 t-DCS*** 0.4493 0 

Gamma GLM*** 0.71315 0 Gamma DCS*** 0.9935 0 

SWE 
Normal GLM 0.083722 0.611 Normal DCS** 0.17251 0.0158 

Cauchy GLM** 0.15257 0.04333 t-DCS*** 0.4776 0 

Gamma GLM*** 0.999 0 Gamma DCS*** 0.9948 0 

DEN 
Normal GLM 0.041979 0.9893 Normal DCS 0.072686 0.602 

Cauchy GLM** 0.14 0.02505 t-DCS*** 0.4631 0 

Gamma GLM*** 0.9996 0 Gamma DCS*** 0.9974 0 

SING 
Normal GLM 0.047805 0.6403 Normal DCS 0.032789 0.9586 

Cauchy GLM*** 0.14433 0 t-DCS*** 0.44467 0 
Gamma GLM*** 0.9973 0 Gamma DCS*** 0.9927 0 

NOR 
Normal GLM 0.03434 0.8392 Normal DCS 0.058168 0.2242 

Cauchy GLM*** 0.13633 0 t-DCS*** 0.42663 0 

Gamma GLM*** 0.9994 0 Gamma DCS*** 0.9882 0 
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E. KS-Tests for FMM  
 
	

Currency Cluster KS-test statistic KS-p-value 

EU 
1 0.0422 0.890700 
2 0.0441 0.857200 

JPN 

1 0.0643 0.112000 
2* 0.0658 0.097970 
3 0.0626 0.129800 

4*** 0.2500 0.000000 

CHF 
1 0.0305 0.958200 
2 0.0566 0.336000 
3 0.0536 0.401700 

AUS 
1*** 0.1004 0.007687 

2 0.0584 0.302500 
3* 0.0816 0.050500 

NZ 1 0.0892 0.336800 
2 0.066 0.708400 

CAN 
1 0.061 0.292100 

2*** 0.1065 0.005357 
3*** 0.1160 0.001776 

SWE 1 0.0809 0.647500 
2 0.0831 0.612600 

DEN 1 0.052 0.924300 
2 0.0498 0.942700 

SING 
1 0.0593 0.363200 
2 0.0516 0.540400 
3 0.072 0.161600 

NOR 
1 0.0678 0.100400 
2 0.0343 0.839600 

	
	
	
	
 
 
 
 
 
 



 44 

F. Data References 
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https://fred.stlouisfed.org/series/CAD1MTD156N, July 4, 2017. 
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G. Abbreviations 
 
UK: UK Pound Sterling 
 
EU: Euro 
 
JPN: Japanese Yen 
 
CHF: Suisse Francs 
 
AUS: Australian Dollar 
 
NZ: New Zealand Dollar 
 
CAN: Canadian Dollar 
 
SWE: Swedish Krona 
 
DEN: Danish Krone 
 
SING: Singaporean Dollar 
 
NOR: Norwegian Krone  
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