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Abstract 

With the tool of a new FX risk index, "FCX", we derive currency risk term structure and 

measure its shape by level and slope. We consistently find that for currencies paired by US 

dollars, term structure of currency risk is flat at a low level prior to 2008 crisis, upward-

sloping after the crisis, and peaks at a high level with prominently negative slope during the 

crisis. This work is believed to be new in currency research field. This information is useful 

to build trading strategies, earning profit by longing currencies with highest level or slope 

and shorting ones with lowest level or slope. The profit by sorting slope is significantly high 

and robust to 2008 crisis period, with low correlation to Carry Trade return. This information 

is also useful to extract global risk factors to help understand currency excess return, a long-

lasting puzzle. The global risk factor by level substantially improves cross-sectional 

explanation power in currency excess returns, compared to Lustig et al. (2011). Furthermore, 

we show that there is certain high risk corresponding to high level and low slope, and high 

interest rate currency earns returns co-varying negatively to this risk, implying that it's risky 

asset and thus require high risk premium, which well explains Carry Trade.  
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1. Introduction 

 

This paper studies empirical performance of currency risks at different horizons, and has three 

main findings contributing to related literatures with new empirical findings about dynamics of 

currency risk term structure, profitable trading strategies, and common risk factors to understand 

currency excess returns.  

 

First, we find that currency risk at short horizon (1 week) and the risk at long horizon (1 year) 

empirically perform differently during different time regimes. To study this term structure of 

currency risk and its dynamic, we measure its shape using level and slope, following yield curve 

literature (Nelson and Siegel, 1987). We find that before 2008 financial crisis, currency risks at 

different horizons behave similarly, forming a relatively flat shape of currency risk term structure 

at a low level. During 2008 financial crisis, currency risks at different horizons all jump high, and 

the short-term one is higher than long-term one, forming a steeply downward-sloping shape of 

currency risk term structure. After the crisis, currency risk at short horizon moves back to a low 

level while the risk at long horizon stays at a high level, forming an upward-sloping shape of 

currency risk term structure. In literature, risk term structure has been raising attention very 

recently mostly in equity and fixed-income markets. Recent leading asset pricing models 

identifying time-varying risk, implied upward-sloping term structure of equity return volatility 

(Bansal and Ivan, 2013; Gabaix, 2012; Wachter, 2013; Binsbergen and Koijen, 2017). Empirically, 

however, it is found that short-term dividends have higher risk premium than long-term (van 

Binsbergen et al., 2012; van Binsbergen et al., 2013). Some progress has been made in modeling 

to accommodate the empirical performance, by modifying rare disaster model originally proposed 

by Gabaix (2012). Hasler and Marfe (2016) accounted for recoveries in modeling, and derived that 

disaster risk is concentrated in the short term in equity market. Xie (2014) introduced length of 

disaster in modeling, and derived that negative slope of VIX term structure corresponds to long 

disaster. In fixed-income market, short-rate expectations show more volatility than yield volatility 

at long-end, when entering recession (Cieslak and Povala, 2016). Empirical evidence exists as well 

that instead of always being positive or negative, slope of term structure of risk premia is pro-

cyclical (van Binsbergen et al., 2013). In currency market, to our knowledge, there is few literature 

on this topic, and our work is believed to be new. Our finding in currency market is consistent with 
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these empirical results and modified rare disaster theories in equity and fixed-income market, 

enlightening the direction of currency theory modeling in the future research.  

 

We next explore how to use the information from term structure of currency risk, mainly motivated 

by empirical findings by Chen et al. (2018) that FX option-implied moments of different maturities 

help explain exchange rate dynamics. One way is to explore trading strategy, which is a common 

research direction in currency literature. Della Corte et al. (2016) discovered a trading strategy 

using volatility risk premia, motivated by its predictive ability for currency returns. Sager and 

Taylor (2014) generated a trading rule using the term structure of forward premia, motivated by 

the findings by Clarida and Taylor (1997) and Clarida et al. (2003) that it helps forecast exchange 

rate dynamics. We construct portfolios by sorting level or slope of the risk term structure for each 

currency pair, and find profitable trading strategies by longing high level currency and shorting 

low level currency, or by longing highest slope currency and shorting lowest slope currency, 

named as Level Trade and Slope Trade respectively. When we look at annualized performance of 

6 portfolios, both Slope Trade and Level Trade earn higher Sharpe ratios of 0.78 and 0.26 

respectively, than Carry Trade of 0.20. In particular, Slope Trade earns highest excess return of 

9.26% with statistical significance at 5% level, which has low correlation of 0.07 to Carry Trade 

return of 3.54% without significance, and is robust to 2008 crisis period. 

 

Another way is to explore risk premia in currency excess return. The puzzle of currency excess 

return has lasted 30 years, and can be explained if there exists time-varying risk premia (Engel, 

1984; Fama, 1984). Vast empirical literature has been trying to find risk factors, however, with 

little success (Engel, 1996; Burnside et al., 2010), until recently. Lustig et al. (2011) studied excess 

returns of carry trade portfolios, and identified their first two principal components as two risk 

factors, showing that they can well explain returns variation across currency pairs. This work is 

regarded as a benchmark, and many scholars continue to work in this direction on this basis 

(Menkhoff et al., 2012; Rafferty, 2014). We construct global common factors from levels and 

slopes across currency pairs, and investigate their risk factor roles from three perspectives. First, 

we follow classic Fama-MacBeth (FMB) approach with Ordinary Least Squares (OLS) estimation 

and standard Stochastic Discount Factor (SDF) approach (Cochrane, 2005) with Generalized 

Methods of Moment (GMM) estimation (Hansen, 1982), to examine our global level and slope 
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factors' ability of explaining cross-sectional variation of currency excess returns, and compare to 

Lustig et al. (2011). We find that our global level factor both significantly and substantially 

improves explanation power in cross-sectional variance of currency excess returns (across 6 

portfolios for example), with high adjusted R-squared of 0.78 (0.44) by FMB (by GMM), 

compared to HML factor by Lustig et al. (2011) of adjusted R-squared 0.49 (-0.32) by FMB (by 

GMM).  

 

Next, we use beta sorting approach, another classic method (Pastor and Stambaugh, 2003; Ang et 

al., 2006; Lustig et al., 2011; Menkhoff et al., 2012) to justify a priced risk factor, and find that 

sorting by beta exposures to our global level and slope factors generates significantly large cross-

sectional spread in returns. More specifically, portfolio returns almost monotonically increasing 

along increasing beta of level, and almost monotonically decreasing along increasing beta of slope. 

For level, the spread is 8.78% with statistical significance at 5% level and Sharpe ratio of 0.75, 

and the spread for slope is even higher, of 10.04% with Sharpe ratio of 0.61, when we look at 6 

portfolios for example. These results imply that high level and low slope correspond to certain 

high risk. It may be the disaster risk, as suggested in our finding that 2008 financial crisis has high 

level and negative slope. It may be risk of disaster duration, proposed by Xie (2014) that 

downward-sloping VIX corresponds to long disaster. It may be risk proximity, how soon the risk 

is going to happen (Byunghoon, 2017). What risks are behind level and slope factors leave open 

areas for research. 

 

Furthermore, we follow the idea of Menkhoff et al. (2012) to look at covariance between Carry 

Trade returns and our global risk factors of level and slope, finding that returns of high interest 

rate portfolio have negative covariance to level factor, and that returns of low interest rate portfolio 

have negative covariance to slope factor. As suggested by the evidence above that high level and 

low slope correspond to high risk, this result implies that high interest rate currency is a risky asset, 

co-varying negatively to the risk embodied in level and slope risk factors, thus requires high 

expected return. This explains why Carry Trade was popular for decades prior to 2008 financial 

crisis, but failed during 2008 financial crisis. This explanation is also consistent with theoretical 

work by Farhi and Gabaix (2015) that risky countries have high interest rate to compensate for the 

risk of currency depreciation in potential world disaster. 
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Besides all this, to investigate risk term structure in FX market, we first need a tool to measure FX 

risk. FX market is the second largest derivatives sector in over-the-counter market after interest 

rates, with high liquidity and trading volume. According to BIS Triennial Survey 2016, FX 

derivatives trading averaged daily $5.1 trillion. Unlike equity market that has a benchmark risk 

index measurement VIX, there is not a uniformed way yet to measure risk in FX market. Many 

utilized surveyed forecasts or standard measures of risk, e.g. from consumption growth, stock 

market return (Engel, 1996; Bacchetta and Wincoop, 2006; Burnside et al., 2006 and 2010). 

Menkhoff et al. (2012) proposed global FX volatility by averaging absolute daily log returns across 

all currencies. CBOE announced three new volatility indexes for FX market using future options 

prices of CME Dollar/Euro, Dollar/British Pound and Dollar/Japanese Yen. Besides volatility, 

skewness is another popular proxy for risk in FX market (Jurek, 2014; Brunnermeier et al., 2008). 

Chen et al. (2017) derived FX option-implied moments of volatility, skewness, and kurtosis, 

together to capture FX risk. This paper proposes to use corridor method by Andersen et al. (2015) 

in equity market, and accommodates its application in FX market to construct a new FX risk index, 

"FCX", a VIX-like measure at the same time able to reflect asymmetry of return distribution in 

pricing. Corridor method requires an inherently consistent truncating rule for strike range, always 

centering around forward rate and subsuming asymmetric importance of left and right tails of 

return distribution in pricing. By simulation with different skewness, we find that FCX when 

negative skewness is higher than FCX when positive skewness, reflecting its ability to compensate 

for risk of negative skewness. We construct daily FCXs for six currency pairs of AUDUSD, 

GBPUSD, EURUSD, NZDUSD, USDCAD, and USDJPY, and for seven maturities from 1 week 

to 1 year, respectively. 

 

The paper is structured as following. Section two will introduce corridor method, accommodate 

its application to construct the new risk index for FX market, FCX, and examine its property and 

performance. Section three will use the FCX tool to derive currency risk term structure, look into 

its behavior and quantify it by measurable features. Section four and section five together explore 

the usage of currency risk term structure, by building trading strategies and constructing global 

risk factors to understand currency excess returns, respectively. Section six concludes the paper 

and discusses about open areas for future research.  
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2. A New FX Risk Index: FCX 

 

FX market is the second largest derivatives sector after interest rates, with high liquidity and 

trading volume. According to BIS Triennial Survey 2016, FX derivatives trading averaged daily 

$5.1 trillion. However, there is not a uniformed way yet to measure risk in FX market. This section 

will introduce corridor method by Andersen et al. (2015) in equity market, justify and 

accommodate its application in FX market to construct the new FX risk index, FCX, and examine 

its properties and performances. 

 

2.1 Corridor method and FCX 

The corridor method is based on model-free option-implied variance, 𝑀𝐹𝐼𝑉, a popular way for 

constructing volatility index (Dupire, 1993; Neuberger, 1994; Carr and Madan, 1998; Ross, 1976; 

Breeden and Litzenberger, 1978; Banz and Miller, 1978) 3, e.g. VIX in equity market, from a 

forward-looking perspective, reflecting market sentiments and beliefs. The basic setup starts from 

a frictionless and arbitrage-free market, with a risky and risk-free asset traded continuously over 

the period [0, 𝑇], 𝑡 = 0 for current time. Assume that there is a futures contract expiring at 𝑇, 

written on the asset, 0 < 𝑇, < 𝑇, and a continuum of European options expiring at 𝑇 written on 

the futures contract, with a full range of strikes 𝐾. Denote futures price at 𝑡 as 𝐹/, put and call 

options prices as 𝑃/(𝐾) = 𝑃(𝐾, 𝑇; 𝐹/, 𝑡) and 𝐶/(𝐾) = 𝐶(𝐾, 𝑇; 𝐹/, 𝑡), 𝑇 for maturity. 𝑟 is risk-free 

rate. As shown in equation (1), 𝑀𝐹𝐼𝑉 uses put price when low strike and call price when high 

strike, that is, out-of-money (OTM) option prices, reflecting that fact that OTM option is more 

liquid than in-the-money option. For convenience, define 𝑀/(𝐾) 	= 	𝑚𝑖𝑛	(𝑃/(𝐾)	, 𝐶/(𝐾)	), the 

minimum of put and call at the strike, that is, the price of the currently OTM option, implied by 

put-call parity that 𝐶/(𝐾) − 𝑃/(𝐾) = 𝐹/(𝐾) − 𝐾. 

 

𝑀𝐹𝐼𝑉 ∶=
2𝑒>?

𝑇
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3 Please see Appendix A for more details on MFIV. 
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The corridor implied variance, 𝐶𝐼𝑉, is based on the formula of 𝑀𝐹𝐼𝑉, but with a finite strike range 

[𝐵M, 𝐵N] for integration. Andersen et al. (2015) showed that only expected return variation within 

the corridor is priced by 𝐶𝐼𝑉, and the truncation of lower bound and higher bound in integration 

does not affect the validity of variance contract pricing, even when there is price jump and discrete 

trading up to daily frequency.  

 

𝐶𝐼𝑉 ∶= 	 AF
GH

?
IB(J)
JK

OP
OQ

𝑑𝐾  (2) 

 

Andersen et al. (2015) proposed an explicit and robust model-free truncating rule for the strike 

range. For each given strike price, they calculate the ratio of put price to the sum of put and call 

option prices, as shown in equation (3). The ratio only depends on options prices, monotonically 

increases from zero to one, as shown in Fig 1 and Fig 2, and naturally centers on futures price as 

focal points, as shown in equation (4) and Fig 1. �(𝐾) = 0.5 only happens where 𝑃(𝐾) = 𝐶(𝐾), 

implying at the money options where put and call prices are the same and the strike equals to 

forward price, the mean of risk-neutral distribution. For a given percentile, 𝑞 ∈ (0, 1), define 𝐾W =

𝑅YZ(𝑞) , as the corresponding strike constituting 𝑞 -th percentile of 𝑅(𝐾) , which provides a 

convenient way to trace locations of strikes. If use symmetric percentile of 𝑅(𝐾) to define the 

upper and lower bounds of strike range, the truncating points reflect relative important of left and 

right tails in pricing, as shown in Fig 2.  

 

𝑅(𝐾) 	= 	 [(J)
[(J)\](J)

  (3) 

 

𝐾@.^ 	= 	𝑅YZ(0.5) 	= 	𝐹  (4) 

 

In this paper, we set 𝐵M = 𝐾@.@_  and 𝐵N = 𝐾@.`a , with 𝑟  as annual risk-free interest rates, 𝑇 

=_@	bcde
_f^

, we can derive the annualized index. 
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𝐶𝐼𝑉	 = 	 AF
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Corridor method was proposed for equity market by Andersen et al. (2015), and we find it 

favorable to FX market. 1) First, unlike equity option which has a good number of quotes from 

wide range of strikes, FX option has only five discrete quotes given maturity. We need to do 

interpolation and extrapolation to derive a sufficient strike range, following Castagna and Mercurio 

(2007) and Castagna (2010), which has been a common way to deal with FX option (Jurek, 2014). 

This will cause inaccuracy in tails, which can be cut off by corridor method. 2) Corridor method 

by Andersen et al. (2015), features a consistent truncating rule to cut off tails to derive a finite 

strike range, leaving strike range always centering around forward rate and reflecting relative 

importance of right and left tails for option pricing in an inherently consistent manner. This ability 

to capture asymmetry information in pricing, serves for our goal to incorporate both volatility and 

skewness information into the FX risk index. 3) FX options are over-the-counter data with daily 

frequency. The underlying theory of corridor method, proved by Bondarenko (2014), requires very 

general conditions, accommodates discrete samples up to daily data, and robust to price jump. All 

these features make this corridor method favorable for FX option. 

 

To apply corridor method in FX market, we need to accommodate differences between equity 

option and FX option4. 1) First, equity option has directly observed strikes and price, while FX 

option quotes implied volatility. We need to project FX option strikes by Black-Scholes model. 2) 

Unlike VIX in equity market, a single volatility index constructed by one option of S&P 500, FX 

options have different underlying assets by currency pair 𝑖 . Additionally, VIX has only one 

maturity of 30 days, but we construct FX risk index for different maturities 𝑇  to serve for 

investigating term structure information.  3) Currency pair involves two countries, and we 

consistently use U.S. risk-free interest rates 𝑟jk, following Della Corte et al. (2016). Now we can 

derive our formula for FX corridor implied variance 𝐹𝐶𝐼𝑉. 

 

                                                
4 Please see Appendix B for detailed steps of constructing FCX. 
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𝑇 =qc/r>l/d	bcde
_f^

,𝑚𝑎𝑡𝑢𝑟𝑖𝑡𝑦	𝑑𝑎𝑦𝑠 = 1𝑤, 1𝑚, 2𝑚, 3𝑚, 6𝑚, 9𝑚, 12𝑚 

 

𝑖 = 𝐴𝑈𝐷𝑈𝑆𝐷, 𝐸𝑈𝑅𝑈𝑆𝐷, 𝐺𝐵𝑃𝑈𝑆𝐷,𝑁𝑍𝐷𝑈𝑆𝐷,𝑈𝑆𝐷𝐶𝐴𝐷,𝑈𝑆𝐷𝐽𝑃𝑌 

 

Empirically, in the discrete world, we use following method to proxy for integration. Suppose that 

there are 𝑁 European style OTM options written on asset price with the same maturity 𝑇, and 

strike prices 𝐾� , 𝑗 = 1, 2, . . . 𝑁, with strike range (𝐾M, 𝐾N ) truncated by the rule, 𝐾@.@_ ≪ 𝐾M <

𝐾M\Z <. . . < 𝐾� ≪ 𝐹 < 𝐾�\Z <. . . < 𝐾N ≪ 𝐾@.`a. 𝐹 is the current 𝑡 = 0 forward price for time 𝑇, 

and 𝐾� is the first strike price below the forward price, where 2 < 𝑓 < 𝑁 − 1, supported by the 

reasonable cross-sectional options. With discrete data, implied variance can be approximately 

calculated as shown in equation (7). Finally, we get our desired FX risk measurement, FX corridor 

volatility index, 𝐹𝐶𝑋, as shown in equation (8).  

 

𝐹𝐶𝐼𝑉/,?l 	= 	
AFGm,no,pH

?
�J
JK

N
��M 𝑀l,/(𝐾) 	−	

Z
?
[,m,p
J
− 1]A  (7) 

 

Δ𝐾� 	= 	
𝐾�\Z − 𝐾�YZ

2
 

 

𝐹𝐶𝑋/,?l 	= 	 𝐹𝐶𝐼𝑉/,?l   (8) 

 

2.2 Property and performance 

The innovation of corridor method is that through an inherently consistent truncating rule for strike 

range, it is able to keep the information always centering around forward rate and subsuming 

asymmetric importance of left and right tails. This section uses empirical data to construct FCXs 

for six currency pairs of AUDUSD, EURUSD, GBPUSD, NZDUSD, USDCAD, USDJPY, with 

seven maturities of 1 week, 1 month, 2 months, 3 months, 6 months, 9 months, and 12 months, at 

daily frequency from 2000 to 2013, and examines their properties and performances. In this paper, 
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the data of spot rates and option quotes are from JP Morgan, forward rates and risk-free interest 

rates (The London Inter-bank Offered Rate, LIBOR rate) are from Datastream, except for data 

about NZDUSD of 1-week maturity which are from Bloomberg. 

 

A. Strike range always centers around forward price. 

We use forward rate to measure the mean of risk neutral return distribution, which is changing 

dynamically, to investigate how truncated strike range evolves accordingly. It is found that the 

truncated strike range always centers around forward rate, no matter how the return distribution is 

changing across time, as shown in Figure 1. This guarantees inter-temporal consistency of strike 

range for calculating the risk index. 

 

Figure 1. Strike Range [𝒌𝑳, 𝒌𝑯] Centers Around Forward Rate 

The figure shows how truncated strike range moves when there are different forward rates across 

time. Three panels a, b, c, show examples of GBPUSD with tenor 1 month on representative days 

when post-crisis, during crisis, and pre-crisis. Within each panel, the left graph shows the 

truncating rule function 𝑅 𝑘  with vertical axis as R value, and the right one shows volatility smile 

with vertical axis as implied volatility (IV) derived by Black-Scholes model, and horizontal axis 

for both is moneyness 𝑘 = J
,
, strike normalized by forward rate. On each graph, the three vertical 

dash lines from left to right indicate 𝑘M = 𝑘@.@_ 𝑙𝑜𝑤𝑒𝑟	𝑏𝑜𝑢𝑛𝑑 , 𝑘, = 1(𝑓𝑜𝑟𝑤𝑎𝑟𝑑	𝑟𝑎𝑡𝑒), 𝑘N =

𝑘@.`a(𝑢𝑝𝑝𝑒𝑟	𝑏𝑜𝑢𝑛𝑑) respectively.  
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B. Strike range reflects relative importance of right and left tails for option pricing. 

Then we use skewness to measure asymmetry of return distribution, to investigate how strike range 

changes accordingly. Risk reversal rate, 𝑟𝑟, is a conventional proxy for skewness (Chen, 1998). It 

is found that when using symmetric percentiles of R function to cut off tails, the truncated strike 

range [𝑘M, 𝑘N] monotonically moves towards right as the risk reversal rate, the skewness, increases 

from negative to positive, as shown in Figure 2. This reflects relative importance of right and left 

tails for the variance pricing in an inherently consistent manner, since negative skewness has long 

left tail and positive skewness has long right tail. 
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Figure 2. Strike Range [𝒌𝑳, 𝒌𝑯] Shifts to Right as Skewness Increases 

The figure shows how truncated strike range evolves when there is different skewness across time. 

Three panels a, b, c, show examples of GBPUSD with tenor 1 month on 2010-06-16, with negative 

skewness, no skewness, and positive skewness respectively, with the latter two cases simulated by 

setting risk reversal to zero and positive respectively, keeping everything else the same. Within 

each panel, the left graph shows the truncating rule function 𝑅 𝑘  with vertical axis as R value, 

and the right one shows volatility smile with vertical axis as implied volatility (IV) derived by 

Black-Scholes model, and horizontal axis for both is moneyness 𝑘 = J
,

, strike normalized by 

forward rate. On each graph, the two vertical dash lines from left to right indicate 𝑘M =

𝑘@.@_ 𝑙𝑜𝑤𝑒𝑟	𝑏𝑜𝑢𝑛𝑑 , 𝑘N = 𝑘@.`a(𝑢𝑝𝑝𝑒𝑟	𝑏𝑜𝑢𝑛𝑑) respectively.  
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C. FCX compensates for risk of negative skewness. 

This section extends simulation analysis above to all the currency pairs, to directly examine the 

relationship between FCX and skewness. As shown in Figure 3, FCX when negative skewness is 

always higher than FCX when positive skewness, reflecting its ability to compensate for risk of 

negative skewness. 

 

Figure 3. FCX Compensates for Risk of Negative Skewness 

The figure depicts relationship between FCX and skewness, using examples of all currencies with 

tenor 1 month on 2010-06-16. Within each plot, FCX is vertical axis, and rr is horizontal axis to 

proxy for skewness.  

 

 
 

D. FCX is able to capture market stress in terms of volatility. 

This section evaluates FCX's ability to capture market stress in terms of volatility. A common 

approach is to compare with realized volatility (RV), usually approximated by squared return 

(Della Corte et al. 2016). Here we follow the concept of squared weighted return, with details in 

Appendix C, which was proposed by Andersen et al. (2015) who showed that it is the notion of 
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return variation priced by MFIV formula. Since FCX is an option-implied volatility measure, 

which is forward-looking, the realized volatility is calculated as summation of daily squared return 

in the future horizon. As shown in Figure 4, FCX closely captures realized volatility, particularly 

when short horizon, spiking during 2008 crisis, able to well capture market stress. 

 

Figure 4. Time Series Dynamics of FCX and Realized Volatility (RV) 

The figure plots time series dynamics of FCX (solid curve) and realized volatility (dashed curve) 

for different maturities and currencies.  
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3. Term Structure of Currency Risk 
 

3.1 Behavior 

Now with the tool of FCX to proxy for FX risk comprehensively, this section calculates FCXs for 

seven maturities from one week to 12 months, to look into behavior of currency risk term structure. 

Unlike yield curve which has long maturity up to ten years or twenty years, currency quotes and 

volatility measures usually use maturity up to 12 months (Sager and Taylor, 2014; Xie, 2014). 

Figure 5 plots time series dynamics of FCX at different maturities for each currency pair. FCX of 

different maturities share common movement that they all tend to perform high during 2008 crisis 

and to perform low before 2008 crisis. However, the ranking of FCX levels at different maturities 

changes. Short-term FCX performs lower than long-term FCX before 2008 crisis, while short-term 

FCX performs higher during 2008 crisis. This is consistent with findings by Xu and Taylor (1994) 

that there is difference between short-term and long-term volatility expectations. To further 

investigate the term structure shape of FCX, we look at how FCX performs across maturities on a 

given day, as shown in Figure 6. Before 2008 financial crisis, currency risks at different horizons 

behave similarly, forming a relatively flat shape of currency risk term structure at a low level. 

During 2008 financial crisis, currency risks at different horizons all jump high, and the short-term 

one is higher than long-term one, forming a steeply downward-sloping shape of currency risk term 

structure.  After the crisis, currency risk at short horizon moves back to a low level while the risk 
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at long horizon stays at a high level, forming an upward-sloping shape of currency risk term 

structure. The behavior is consistent across all the currencies. This empirical work is believed to 

be new in currency market, and the results are consistent with empirical results in equity and fixed-

income market and their modified theories of rare disasters.  

 

Figure 5. Time Series Dynamics of FCX of Different Maturities by Currency Pair 

For each currency pair, the figure plots time series dynamics of FCX for different maturities, as 

denoted by different colors. 

 
 

 

 

Figure 6. Shape of FCX Term Structure on Representative Days By Currency Pair 
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For each currency pair, the figure depicts the term structure shape of FX risk across different 

maturities on representative days of post-crisis (square point), during crisis (triangular point), and 

before-crisis (round point), with FCX as vertical axis and maturity as horizontal axis.  

 

 
 

 

3.2 Features: level and slope 

To measure the term structure shape of currency risk, we follow the methodology of famous 

Nelson-Siegel factors (Nelson and Siegel, 1987) used in yield curve literature studying the term 

structure shape of interest rate. The Nelson-Siegel factors, named as level, slope, and curvature, 

are initially extracted from the first three principal components of yield curve data. Level and slope 

are regarded as most important ones explaining most variation of yields, and we will focus on these 

two factors to study currency risk term structure. To gain economic intuition, level factor is 

approximated by short-term rate or the average of all terms' rates, slope factor is approximated by 

difference between long-term rate and short-term rate. Following this idea, we first do principal 

component analysis on currency risk of different maturities, and find that first two principal 
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components PC1 and PC2 accounts for over 99% of FCX variance, consistently across all currency 

pairs, as shown in Table 1. The first principal component PC1 has roughly equal loadings on FCX 

of each maturity, working as taking an average of all terms' FCXs, implying its role as a level 

factor. The second principal component PC2 has negative loading on short-term FCX and positive 

loading on long-term FCX, working as taking a difference between long-term FCX and short-term 

FCX, implying its role as a slope factor.  

 

Table 1. Cumulative Proportion of Variance of Principal Components (PC1, PC2)  

by Currency Pair 

  AUDUSD EURUSD GBPUSD NZDUSD USDCAD USDJPY 

PC1 0.9461 0.9603 0.9584 0.9558 0.9545 0.9169 

PC2 0.9946 0.9954 0.9971 0.9982 0.9962 0.9961 

 

Table 2. Loadings of Principal Components (PC1, PC2)  
on FCXs of Different Maturities by Currency Pair 

 

Next, we directly calculate level and slope, and find that they are highly correlated to the first two 

principal components derived above, consistently across all currency pairs, as shown in Table 3. 

All these findings are consistent with yield curve literature in fixed-income market. We follow the 

literature routine to use these directly calculated factors with high transparency, to measure the 

Currency Component FCX_1W FCX_1M FCX_2M FCX_3M FCX_6M FCX_9M FCX_12M 

AUDUSD 
PC1 0.3599 0.3773 0.3856 0.3879 0.3837 0.3776 0.3730 

PC2 -0.6092 -0.3813 -0.1687 -0.0053 0.2683 0.4002 0.4721 

GBPUSD 
PC1 0.3612 0.3789 0.3839 0.3850 0.3824 0.3786 0.3752 

PC2 -0.6742 -0.3361 -0.1270 0.0177 0.2603 0.3788 0.4527 

EURUSD 
PC1 0.3632 0.3785 0.3843 0.3856 0.3825 0.3777 0.3735 

PC2 -0.6296 -0.3600 -0.1550 -0.0036 0.2574 0.3945 0.4775 

NZDUSD 
PC1 0.3536 0.3776 0.3872 0.3897 0.3855 0.3786 0.3723 

PC2 -0.6316 -0.3659 -0.3560 -0.1537 0.2076 0.3969 0.5139 

USDCAD 
PC1 0.3572 0.3788 0.3853 0.3864 0.3826 0.3787 0.3760 

PC2 -0.6887 -0.3423 -0.1139 0.0369 0.2719 0.3731 0.4255 

USDJPY 
PC1 0.3539 0.3795 0.3897 0.3937 0.3880 0.3755 0.3637 

PC2 -0.5776 -0.3596 -0.1987 -0.0466 0.2423 0.4126 0.5162 
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shape features of currency risk term structure. Figure 7 records time series dynamics of the two 

features of currency risk term structure for each currency pair. Before 2008 crisis, currency risk 

term structure has low level and the slope moves around zero. During 2008 crisis, currency risk 

term structure has high level and the slope is prominently negative. After 2008 crisis, currency risk 

term structure has medium level and slope moves above zero. We will explore the usage of these 

informational features of currency risk term structure in section four and five. 

 

𝐿𝑒𝑣𝑒𝑙l,/ =
1
7

𝐹𝐶𝑋l,/,?
?

, 𝑇 = 1𝑤, 1𝑚, . . . , 12𝑚			(9) 

 

𝑆𝑙𝑜𝑝𝑒l,/ = 𝐹𝐶𝑋l,/,ZAq − 𝐹𝐶𝑋l,/,Z�			(10) 

 

Table 3. Correlation (corr) between Calculated Factors (Level, Slope)  

and Principal Components (PC1, PC2) by Currency Pair 
  AUDUSD EURUSD GBPUSD NZDUSD USDCAD USDJPY 

corr(Level, PC1) 0.9991 0.9998 0.9998 0.9997 0.9997 0.9991 

corr(Slope, PC2) 0.8234 0.9271 0.9385 0.9255 0.9427 0.9309 

 

Figure 7. Time Series Dynamics of Level and Slope of Currency Risk Term Structure  

By Currency Pair 

For each currency pair, the figure depicts time series dynamics of level factor and slope factor of 

currency risk term structure.  

a. Level by currency pair 

𝐿𝑒𝑣𝑒𝑙l,/ =
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b. Slope by currency pair 
𝑆𝑙𝑜𝑝𝑒l,/ = 𝐹𝐶𝑋l,/,ZAq − 𝐹𝐶𝑋l,/,Z� 

 
 

 

4. Trading Strategies: Level Trade and Slope Trade 

This section explores trading strategies using derived features above, level and slope of currency 

risk term structure, motivated by the finding that it has predictive power in exchange rate dynamics 

(Chen et al., 2018).  

 

4.1 Excess returns and trading rules 
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Following Della Corte et al. (2012) and Rafferty (2012), we treat USD as domestic currency, and 

use 𝑠/\Z to denote log spot exchange rate at time 𝑡 + 1, and 𝑓//\Z to denote log forward rate at time 

𝑡 of one-month maturity expiring at 𝑡 + 1. The currency excess return is defined as buying foreign 

currency in the forward market and selling it in the spot market in one month. That is, excess return 

is calculated as 𝑟/\Z = 𝑠/\Z − 𝑓//\Z if USD is domestic in original quote, and 𝑟/\Z = 𝑓//\Z − 𝑠/\Z 

if USD is foreign in original quote, following Burnside et al. (2010) who inverted the original 

quotes when USD is foreign, thus all returns are expressed in USD. Table 4 records details of 

currency quotes and excess return definition. 

 

Table 4. Currency Quotes and Excess Return Definition 
 AUDUSD EURUSD GBPUSD NZDUSD USDCAD USDJPY 

Definition 
USD per 

AUD 

USD per 

EUR 

USD per 

GBP 

USD per 

NZD 

CAD per 

USD 

JPY per 

USD 

Domestic currency USD USD USD USD CAD JPY 

An increase in 𝒔 

means 

AUD 

depreciates 

EUR 

depreciates 

GBP 

depreciates 

NZD 

depreciates 

CAD 

appreciates 

JPY 

appreciates 

Interest rate 

differential 

𝑖�j�
− 𝑖jk� 

𝑖�j�
− 𝑖jk� 

𝑖�O[ − 𝑖jk� 
𝑖 ¡�
− 𝑖jk� 

𝑖]�� − 𝑖jk� 𝑖¢[£ − 𝑖jk� 

Excess return 
𝑠/\Z
− 𝑓//\Z 

𝑠/\Z
− 𝑓//\Z 

𝑠/\Z
− 𝑓//\Z 

𝑠/\Z
− 𝑓//\Z 

𝑓//\Z

− 𝑠/\Z 

𝑓//\Z

− 𝑠/\Z 

 

We look at monthly investment horizon as our main results for its high liquidity, by aggregating 

daily data into monthly using end-of-month observation, following Lustig et al. (2011) and 

Menkhoff et al. (2012). Due to small number of currency pairs and short time period in our data 

sample, we also report summarized results of sampling 1st day or middle day of each month, and 

summarized results of weekly investment horizon, in next section 4.2 to compare with Carry Trade. 

For now, at the end of each month 𝑡, we first sort currencies by their levels of risk term structure. 

Again due to small number of currency pairs, to generate relatively wider cross-sectional sample, 

we construct 6 portfolios for our main results, with single currency pair in each portfolio, by putting 

lowest 17% level currency into first portfolio I1 and putting highest 17% level currencies into last 

portfolio I6. We also report results of 3 portfolios, with two currency pairs in each portfolio to 

relieve the concern of noise in individual asset, by putting lowest 33% level currencies into first 
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portfolio P1 and putting highest 33% level currencies into last portfolio P3. Portfolios are 

rebalanced at the end of each month 𝑡. Within each portfolio, we average excess return across 

currencies, multiply the mean by 12 to annualize the return, multiply the standard deviation by 

12 to annualize the value, and calculate annualized Sharpe ratio using the annualized return and 

the annualized standard deviation, following Lustig et al. (2011). We find that excess return almost 

monotonically increases as level increases, as shown in Table 5 Panel a. Naturally, we come up 

with the Level Trade strategy by longing the last portfolio of highest level of FX risk term structure, 

and shorting the first portfolio of lowest level. We repeat above steps to construct Slope Trade 

portfolio, by sorting slope of each currency, and find profit by longing the last portfolio of highest 

slope, and shorting the first portfolio of lowest slope. These trading strategies consistently generate 

positive returns with good Sharpe ratios all above 0.2. The positive return of Slope Trade 6 

portfolios gains statistical significance at 5% level, with high Sharpe ratio of 0.59. In addition, 

skewness of each portfolio return generally increases, from shorting portfolio of low level or slope, 

to longing portfolio of high level or slope. Next section 4.2 will compare to Carry trade to further 

analyze these trading strategies' performance.  

 

Table 5. Level Trade and Slope Trade 

The table summarizes statistics of excess returns for each portfolio of Level Trade (Panel a) and 

Slope Trade (Panel b), including mean, standard deviation (St. dev.), skewness, kurtosis, Sharpe 

ratio (SR), auto-correlation coefficient of degree one (AC(1)), and sample size (Obs). All values 

are annualized. "., *, **, ***" indicate statistical significance at 10%, 5%, 1%, and 0.1% levels 

respectively, by Newey and West (1987) and Andrews (1991). Panel a sorts currencies by level 

from low to high, and constructs Level Trade by longing currencies of highest level and shorting 

ones of lowest level. Panel b sorts currencies by slope from low to high, and constructs Slope 

Trade by longing currencies of highest slope and shorting ones of lowest slope. 

a. Level Trade 

6 portfolios I1 (short) I2 I3 I4 I5 I6 (long) Level 

Mean 0.0262 0.0092 -0.0048 0.0478 0.0263 0.0561 0.0299 

St. dev. 0.1023 0.0936 0.1227 0.1168 0.1391 0.1545 0.1132 

Skew -1.1501 0.0878 -0.2781 -0.0909 -0.6379 -0.4202 -0.5601 

Kurt 7.1993 6.3125 3.6497 3.5568 5.7544 5.7217 5.3748 
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SR 0.2560 0.0755 -0.0506 0.3603 0.2574 0.3634 0.2643 

AC(1) -0.043 0.007 0.307 -0.012 0.121 0.01 -0.086 

Obs 105 105 105 105 105 105 105 

 

3 portfolios P1 (short) P2 P3 (long) Level 

Mean 0.0177 0.0215 0.0412 0.0235 

St. dev. 0.0874 0.0946 0.1382 0.1035 

Skew -0.8322 0.0544 -0.6172 -0.4069 

Kurt 7.5221 4.7300 6.2945 6.0234 

SR 0.2024 0.2269 0.2981 0.2271 

AC(1) -0.01 0.032 0.07 0.106 

Obs 105 105 105 105 

 

b. slope 

6 portfolios I1 (short) I2 I3 I4 I5 I6 (long) Slope 

Mean -0.0233 0.0376 0.0271 0.0695 -0.0195 0.0693 0.0926* 

St. dev. 0.1310 0.1097 0.1238 0.1078 0.1309 0.1318 0.1184 

Skew -0.6178 0.1553 -0.5644 0.3100 -0.9130 -0.2731 -0.3038 

Kurt 6.5199 7.3114 4.6709 3.9674 5.5559 5.5263 3.6890 

SR -0.1778 0.3425 0.2188 0.6449 -0.1487 0.5258 0.7817 

AC(1) 0.058 0.041 0.085 -0.129 0.228 0.065 0.127 

Obs 105 105 105 105 105 105 105 

 

3 portfolios P1 (short) P2 P3 (long) Slope 

Mean 0.0071 0.0483 0.0249 0.0178 

St. dev. 0.1031 0.0950 0.1178 0.0782 

Skew -0.8817 0.2078 -0.5187 -0.3023 

Kurt 8.7719 3.5472 5.5410 2.9073 

SR 0.0692 0.5085 0.2114 0.2272 

AC(1) 0.025 -0.145 0.129 0.074 

Obs 105 105 105 105 
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4.2 Compare to Carry Trade 

To compare performances of our trading strategies to Carry Trade, we first construct Carry Trade 

portfolios using the same data samples. We repeat above steps sorting interest rate differential for 

each currency, and derive return by longing portfolio of highest interest rate currencies and 

shorting portfolio of lowest interest rate currencies. We directly sort on interest rate differential 

with U.S. rate as base for straightforwardness. As shown in Table 6, Carry Trade generates positive 

returns, which are consistent with literature (Lustig et al., 2011; Menkhoff, 2012; Rafferty, 2012; 

Della Corte et al., 2016). The return did not show statistical significance, which is consistent with 

Della Corte et al. (2016) whose sample period is closest to our data sample, all admittedly short 

and including 2008 financial crisis. The return around 3.5% and Sharpe ratio between 0.2 and 0.3, 

are slightly lower than Della Corte et al. (2016) who has more currency pairs, but this issue is 

relieved when we sample 1st day or middle day observations of each month, as shown in Table 8 

Panel a and b. 

 

Table 6. Carry Trade 

The table summarizes statistics of excess returns for each portfolio of Carry Trade, including mean, 

standard deviation (St. dev.), skewness, kurtosis, Sharpe ratio (SR), auto-correlation coefficient of 

degree one (AC(1)), and sample size (Obs). All values are annualized. "., *, **, ***" indicate 

statistical significance at 10%, 5%, 1%, and 0.1% levels respectively, by Newey and West (1987) 

and Andrews (1991). The table sorts currencies by interest rate differential from low to high, and 

constructs Carry Trade by longing currencies of highest interest rate and shorting ones of lowest 

interest rate. 

 

6 portfolios I1 (short) I2 I3 I4 I5 I6 (long) Carry 

Mean 0.0255 0.0210 0.0045 -0.0102 0.0589 0.0609 0.0354 

St. dev. 0.1000 0.1032 0.1123 0.1107 0.1485 0.1530 0.1787 

Skew -0.2480 -0.6103 -0.0708 -0.2604 -0.7185 -0.4661 -0.9448 

Kurt 3.2218 7.3580 3.8791 5.0487 5.8804 5.2084 6.0474 

SR 0.2550 0.2036 0.0402 -0.0923 0.3972 0.3981 0.1984 

AC(1) 0.069 -0.100 0.119 -0.149 0.097 -0.033 0.076 
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Obs 105 105 105 105 105 105 105 

 

3 portfolios P1 (short) P2 P6 (long) Carry 

Mean 0.0233 -0.0029 0.0600 0.0367 

St. dev. 0.0756 0.0963 0.1454 0.1257 

Skew -0.1022 -0.4504 -0.6183 -0.9261 

Kurt 3.0413 4.6697 5.5719 5.1737 

SR 0.3076 -0.2962 0.4124 0.2920 

AC(1) -0.039 0.064 0.031 0.031 

Obs 105 105 105 105 

 

Table 7 summarizes and compares performances of Level Trade, Slope Trade, and Carry Trade. 

When 6 portfolios, Slope Trade earns highest excess return 7.24% with statistical significance at 

5% level, and earns highest Sharpe ratio 0.59. Level Trade and Carry Trade both earn insignificant 

positive excess returns, of 2.99% and 3.54% respectively, but Level Trade earns higher Sharpe 

ratio of 0.26 than Carry Trade of 0.20. When 3 portfolios, all strategies returns are insignificant, 

with Level Trade and Carry Trade earning Sharpe ratio of 0.28 and 0.29 respectively, both better 

than Slope Trade. Furthermore, skewness of Level and Slope Trades are always both higher than 

that of Carry Trade. In addition, we notice that correlation between Slope Trade return and Carry 

Trade return is very low, while the Level Trade return is highly correlated to Carry Trade return. 

This motivates us to further explore their differences in next section 4.3. When sampling 1st day 

or middle day of each month or when looking at weekly investment horizon, returns all go up of 

these strategies but rankings maintain quite consistent, with Slope Trade earning more statistical 

significance, as shown in Table 8. 

 

Table 7. Trading Strategies Performance Comparison 

The table summarizes statistics of excess returns for portfolios of Level Trade, Slope Trade, and 

Carry Trade, including mean, standard deviation (St. dev.), skewness, kurtosis, Sharpe ratio (SR), 

auto-correlation coefficient of degree one (AC(1)), and sample size (Obs). All values are 

annualized. "., *, **, ***" indicate statistical significance at 10%, 5%, 1%, and 0.1% levels 

respectively, by Newey and West (1987) and Andrews (1991). 
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 6 portfolios  3 portfolios 

 Level Slope Carry  Level Slope Carry 

Mean 0.0299 0.0926* 0.0354  0.0235 0.0178 0.0367 

St. dev. 0.1132 0.1184 0.1787  0.1035 0.0782 0.1257 

Skew -0.5601 -0.3038 -0.9448  -0.4069 -0.3023 -0.9261 

Kurt 5.3748 3.6890 6.0474  6.0234 2.9073 5.1737 

SR 0.2643 0.7817 0.1984  0.2271 0.2272 0.2920 

AC(1) -0.086 0.127 0.076  0.106 0.074 0.031 

Obs 105 105 105  105 105 105 

corr(𝐫𝐩, 𝐫𝐂𝐚𝐫𝐫𝐲) 0.6577 0.0661 1  0.7508 0.1665 1 

 

Table 8. Different Sampling and Investment Horizon 

The table summarizes statistics of excess returns for portfolios of Level Trade, Slope Trade, and 

Carry Trade, including mean, standard deviation (St. dev.), skewness, kurtosis, Sharpe ratio (SR), 

auto-correlation coefficient of degree one (AC(1)), and sample size (Obs). All values are 

annualized. "., *, **, ***" indicate statistical significance at 10%, 5%, 1%, and 0.1% levels 

respectively, by Newey and West (1987) and Andrews (1991). Panel a and Panel b are results of 

monthly investment, rebalancing each month, sampling by 1st day and middle day of each month 

respectively. Panel c is result of weekly investment, rebalancing each week, sampling by last day 

of each week respectively.  

a. monthly return, sampling by 1st day of each month 

 6 portfolios  3 portfolios 

 Level Slope Carry  Level Slope Carry 

Mean 0.0599 0.0871* 0.0552  0.0437 0.0469 0.0545 

St. dev. 0.1338 0.1317 0.1844  0.1072 0.0926 0.1329 

Skew 0.4759 -0.0306 -1.0282  -0.3437 0.1635 -0.6206 

Kurt 8.7452 3.4516 6.0494  8.1805 4.8801 5.9466 

SR 0.4473 0.6611 0.2996  0.4078 0.5064 0.4099 

AC(1) -0.231 0.076 -0.017  -0.086 -0.003 -0.058 

Obs 104 104 104  104 104 104 
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corr(𝒓𝒑, 𝒓𝑪𝒂𝒓𝒓𝒚) 0.6125 -0.0093 1  0.8049 0.0866 1 

 

b. monthly return, sampling by middle day of each month 

 6 portfolios  3 portfolios 

 Level Slope Carry  Level Slope Carry 

Mean 0.0235 0.0971* 0.0534  0.0427 0.0528* 0.0451 

St. dev. 0.0978 0.1163 0.1634  0.0848 0.0765 0.1121 

Skew 0.2036 0.3409 -0.6470  -0.1962 0.1953 -0.5688 

Kurt 3.4315 3.7254 4.5460  4.9150 2.9000 5.4532 

SR 0.2408 0.8347 0.3269  0.5031 0.6902 0.4022 

AC(1) 0.075 -0.146 0.087  -0.034 -0.025 0.122 

Obs 104 104 104  104 104 104 

corr(𝒓𝒑, 𝒓𝑪𝒂𝒓𝒓𝒚) 0.6348 0.2815 1  0.7458 0.1465 1 

 

c. weekly return, sampling by last day of each week, rebalance weekly 

 6 portfolios  3 portfolios 

 Level Slope Carry  Level Slope Carry 

Mean 0.0322 0.0759* 0.0818  0.0370 0.0399 0.0679 

St. dev. 0.1354 0.1231 0.2036  0.1048 0.0925 0.1379 

Skew -0.6643 0.0113 -1.5645  -0.6267 -0.0414 -1.4333 

Kurt 7.1092 5.0430 15.4282  7.5629 5.1537 13.4842 

SR 0.2375 0.6160 0.4016  0.3533 0.4309 0.4926 

AC(1) -0.075 -0.033 -0.153  -0.055 -0.071 -0.112 

Obs 459 459 459  459 459 459 

corr(𝐫𝐩, 𝐫𝐂𝐚𝐫𝐫𝐲) 0.6777 0.0034 1  0.8055 -0.0836 1 

 

4.3 Performance by time regime 

As we notice in section 3, both level and slope perform differently in different time regimes. This 

is consistent with Chen et al. (2018) who detected structural breaks when using FX option-implied 

moments of different maturities to explain currency returns. Thus we further look into these trading 

strategies' performance before, during, and post crisis, respectively, following Della Corte et al. 
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(2016) who did the same test, using recession periods defined by National Bureau of Economic 

Research (NBER), December 2007 to June 2009. As shown in Table 9 Panel c, Carry Trade works 

during non-crisis periods, earning excess return of 9.03% (5.56%) with Sharpe ratio of 0.70 (0.60) 

when 6 portfolios (3 portfolios) before 2008 crisis, similar to its performance after the crisis 

earning excess return of 8.46% (7.72%) with Sharpe ratio of 0.52 (0.67) when 6 portfolios (3 

portfolios), though all insignificant, but much better than its performance during 2008 crisis when 

it earns negative return. This is consistent with the well recorded fact that carry trade works well 

before crisis but fails during 2008 crisis (Menkhoff et al., 2012; Della Corte et al. 2016). In this 

sense, Level Trade has similarity that it fails too during 2008 crisis earning negative return. The 

difference comes that its performance before and after 2008 crisis differs a lot. Level Trade earns 

highly positive excess return of 8.26% (12.19% with significance at 5% level) with Sharpe ratio 

of 0.80 (1.18) when 6 portfolios (3 portfolios), while it earns low return before the crisis, as shown 

in Table 9 Panel a. In contrary, when we look at 6 portfolios, Slope Trade always earns positive 

returns with Sharpe ratios above 0.35 consistently across all these different time regimes, more 

importantly, earning its highest excess return of 19.45% with Sharpe ratio of 1.45 during 2008 

crisis, as shown in Table 9 Panel b, though Slope Trade does not have strong performance in 3 

portfolios. These similarities and differences in patterns of performance by regime may explain 

the high and low correlations between these trading strategies found in section 4.2. 

 

Table 9. Trading Strategies Performance by Time Regime 

The table summarizes statistics of excess returns for portfolios of Level Trade (Panel a), Slope 

Trade (Panel b), and Carry Trade (Panel c) before crisis (2003 Jun - 2007 Nov), during crisis (2007 

Dec - 2009 Jun), and after crisis (2009 Jul - 2012 Feb), including mean, standard deviation (St. 

dev.), skewness, kurtosis, Sharpe ratio (SR), auto-correlation coefficient of degree one (AC(1)), 

and sample size (Obs). All values are annualized. "., *, **, ***" indicate statistical significance at 

10%, 5%, 1%, and 0.1% levels respectively, by Newey and West (1987) and Andrews (1991). "6 

ports" and "3 ports" mean 6 portfolios and 3 portfolios respectively.  

 

a. Level Trade 

Level Before crisis  During crisis  After crisis 

 6 ports 3 ports  6 ports 3 ports  6 ports 3 ports 
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Mean 0.0158 -0.0070  -0.0188 -0.0554  0.0826 0.1219* 

St. dev. 0.0934 0.0647  0.1707 0.1705  0.1036 0.1033 

Skew -0.7996 -1.1648  -0.1985 -0.0374  -0.5876 -0.4176 

Kurt 4.1408 5.2140  4.2671 3.7594  3.2227 2.8740 

SR 0.1693 -0.1084  -0.1102 -0.3252  0.7975 1.1801 

AC(1) -0.028 0.025  -0.202 0.239  -0.032 -0.187 

Obs 54 54  19 19  32 32 

 

b. Slope Trade 

Slope Before crisis  During crisis  After crisis 

 6 ports 3 ports  6 ports 3 ports  6 ports 3 ports 

Mean 0.0445 0.0275  0.2960** 0.0134  0.0528 0.0039 

St. dev. 0.1100 0.0633  0.1018 0.0918  0.1332 0.0936 

Skew 0.0504 0.0585  0.0774 -0.2440  -0.6672 -0.4161 

Kurt 3.6057 2.3527  2.0369 2.1685  3.7960 2.7769 

SR 0.4047 0.4353  2.9065 0.1455  0.3967 0.0416 

AC(1) 0.007 -0.128  -0.122 0.285  0.16 0.103 

Obs 54 54  19 19  32 32 

 

c. Carry Trade 

Carry Before crisis  During crisis  After crisis 

 6 ports 3 ports  6 ports 3 ports  6 ports 3 ports 

Mean 0.0903 0.0555  -0.2034 -0.0850  0.0846 0.0772 

St. dev. 0.1288 0.0919  0.2886 0.2040  0.1638 0.1159 

Skew -0.2697 -0.5474  -0.5792 -0.4845  -0.3357 -0.8027 

Kurt 3.4079 3.6242  3.3522 2.8567  3.7670 3.9313 

SR 0.7015 0.6038  -0.7048 -0.4165  0.5167 0.6661 

AC(1) -0.048 -0.082  0.314 0.238  -0.313 -0.26 

Obs 54 54  19 19  32 32 

 

5. Global Risk Factors: Global Level and Slope 
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Besides trading strategies, there is another big strand of literature seeking global risk factors to 

explain risk premia in currency excess return (Lustig et al., 2011; Menkhoff et al., 2012; Rafferty, 

2014). In section 3 we already noticed that these risk term structures of different currency pairs 

share common features and common dynamics. This motivates us to further construct global 

common risk factors, to explain cross-sectional variation in currency risk premia. 

 

5.1 Construct global risk factors 

We aggregate levels and slopes of each currency's risk term structure by straightforwardly taking 

their average to derive global common risk factors, following Della Corte et al. (2016), Menkhoff 

et al. (2012), and Rafferty (2012) who did average for aggregation as well to construct their global 

risk factor. As shown in Figure 8, global factors well captures common dynamics of risk term 

structure of different currency pairs, with level peaking and slope dipping during 2008 crisis. 

 

𝐺𝑙𝑜𝑏𝑎𝑙𝐿𝑒𝑣𝑒𝑙/ =
1
6

𝐿𝑒𝑣𝑒𝑙l,/
l

, 𝑖 = 𝐴𝑈𝐷𝑈𝑆𝐷, . . . , 𝑈𝑆𝐷𝐽𝑃𝑌			(11) 

𝐺𝑙𝑜𝑏𝑎𝑙𝑆𝑙𝑜𝑝𝑒/ =
1
6

𝑆𝑙𝑜𝑝𝑒l,/
l

, 𝑖 = 𝐴𝑈𝐷𝑈𝑆𝐷, . . . , 𝑈𝑆𝐷𝐽𝑃𝑌			(12) 

 

Figure 8. Time Series Dynamics of Global Factors 

The figure plots time series dynamics of global level and slope factors, approximated as the 

average of all currencies' FX risk term structure levels and slopes respectively. 

 
 

We also did principal component analysis to extract common factor across currency pairs for 

comparison. For levels and slopes, we extracted their first principal component respectively, 
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named as PC_level and PC_slope. Almost equal loadings on each currency pair, as shown in Table 

10, imply that the principal components work essentially as a role of average. As shown in Table 

11, they are indeed highly correlated with the average calculated above, both accounting for high 

proportion of variance of 93.7% and 85.59% respectively, further justifying our choice of taking 

average to construct global common risk factor. 

 

Table 10. Loadings of Global Factors by Principal Components (PC_level, PC_slope)  

on Each Currency Pair's Level and Slope 

  AUDUSD EURUSD GBPUSD NZDUSD USDCAD USDJPY 

PC_level 0.41 0.39 0.41 0.40 0.40 0.40 

PC_slope 0.40 0.41 0.42 0.39 0.39 0.40 

 

Table 11. Cumulative Proportion of Variance and Correlation 

Left column records proportion of variance of PC_level and PC_slope of all currency pairs' 

levels and slopes respectively. Right column records correlation between principal components 

and calculated factors in equation (11) and (12), corr(PC_level, GlobalLevel) and corr 

(PC_slope, GlobalSlope) respectively. 

  
Proportion 

of Variance 

Correlation 

with Global 

PC_level 0.937 0.9998 

PC_slope 0.8559 0.9992 

 

5.2 Explain currency excess returns: Compare to Lustig et al. (2011) 

With the global risk factors extracted from information of currency risk term structure above, this 

section investigates their abilities to explain currency risk premia, looking at Carry Trade 

portfolios sorted by interest rate, a classic example in currency literature (Lustig et al., 2011; 

Menkhoff et al., 2012; Rafferty, 2012; Della Corte et al., 2016). We compare our results to Lustig 

et al. (2011), a benchmark in recent years. Lustig et al. (2011) proposed two risk factors from Carry 

Trade portfolios returns, dollar risk factor 𝐷𝑂𝐿/ calculated as the average currency excess return 

of all the portfolios, and carry factor 𝐻𝑀𝐿/ calculated as the difference between highest interest 

rate portfolio return and lowest interest rate portfolio return, as shown in equation (13) and (14). 
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𝐷𝑂𝐿/ can be interpreted as aggregate currency market returns relative to USD, playing a role like 

market return in CAPM (Lustig et al., 2011; Rafferty, 2012).  𝐷𝑂𝐿/ is regarded as a benchmark 

risk factor in currency market and people continue the research on its basis (Lustig et al., 2011; 

Menkhoff et al., 2012; Rafferty, 2012).  

𝐷𝑂𝐿/ =
1
𝑃

𝑟°,/

[

°�Z

			(13) 

𝐻𝑀𝐿/ = 𝑟[,/ − 𝑟Z,/			(14) 

𝑃:	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑐𝑎𝑟𝑟𝑦	𝑡𝑟𝑎𝑑𝑒	𝑝𝑜𝑟𝑡𝑓𝑜𝑙𝑖𝑜𝑠 

 

This section compares explanation power of our risk factors and Lustig's factor in currency excess 

returns, by doing both time-series test (Fama and MacBeth, 1973; Fama and French; 1993; Della 

Corte et al., 2016) and cross-sectional test (Fama and MacBeth, 1973; Cochrane, 2005; Lustig et 

al., 2011; Menkhoff et al., 2012) using our data sample, and finds that level factor substantially 

improves explanation power in cross-sectional variance of currency excess returns. 

 

A. Time series test 

We first utilize the time-series approach by Fama and French (1993) who justified adding two new 

factors besides market in equity market, which are used by Della Corte et al. (2016) in currency 

market as well. We regress monthly excess returns of each Carry Trade portfolio sorted by interest 

rate 𝑟°,/, on risk factor candidates 𝑓/ by Lustig et al. (2011) and by our paper respectively, as shown 

in equation (15). The coefficients 𝛽°  are factor loadings, implying sensitivity of those excess 

returns to the factors. The factor loadings and the R-squared value of the regression are indicators 

of how much time series variation in returns can be explained by the time series variation in risk 

factors, and the intercept 𝛼° is the pricing error measuring how wrong overall the model is (Fama 

and French, 1993; Della Corte et al., 2016). 

 

𝑟°,/ = 𝛼° + 𝛽°𝑓/ + 𝜖°,/  (15) 

 

We first do the time series test on HML factors by Lustig et al. (2011) and find consistency with 

their results. Both of us have DOL betas of all positive signs and roughly equal size, HML betas 
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negative in low interest rate portfolio and positive in high interest rate portfolio, high adjusted R-

squared, and pricing errors of some statistical significance, as shown in Table 12 Panel a. Next, 

we do time series tests on our risk factors level and slope, and compare to HML results. Level and 

slope did not show consistent improvement in explanation power in terms of adjusted R-squared 

or beta significance, but perform better in further weakening the statistical significance of the 

pricing error. As shown in Table 12 Panel b and c, the significance of pricing error disappears 

totally when using level factor and mostly when using slope factor. In addition, we find that slope 

factor has negative beta in low interest rate portfolio and positive beta in high interest rate portfolio, 

like HML, showing its potential to explain excess returns across portfolios. 

 

Table 12. Time Series Test 

The table sorts currencies by interest rate differential from low to high, regresses their returns 𝑟°,/ 

on risk factors, and records pricing error 𝛼°, factor exposures 𝛽°, and time series explanation power 

adjusted R-squared (Adj-R2). All values are annualized, with Newey-West standard error included 

in parenthesis. "., *, **, ***" indicate statistical significance at 10%, 5%, 1%, and 0.1% levels 

respectively, by Newey and West (1987) and Andrews (1991).  

 

Panel a: Risk factors by Lustig et al. (2011) 

𝑟°,/ = 𝛼° + 𝛽°,b·¸𝐷𝑂𝐿/ + 𝛽°,¹q¸𝐻𝑀𝐿/ + 𝜖°,/  (16) 

6 

portfolios 

I1 (lowest 

interest rate) 

I2 I3 I4 I5 I6 (highest 

interest rate) 

𝜶𝒑 0.0201 

(0.0140) 

-0.0025 

(0.01261) 

-0.0202 

(0.0220) 

-0.0366. 

(0.0201) 

0.0192 

(0.0182) 

0.0201 

(0.0140) 

𝜷𝒑,𝒅𝒐𝒍 1.0262*** 

(0.0539) 

0.8881*** 

(0.0845) 

0.9262*** 

(0.1192) 

0.8987*** 

(0.1056) 

1.2346*** 

(0.0719) 

1.0262*** 

(0.0539) 

𝜷𝒑,𝒉𝒎𝒍 -0.6227*** 

(0.0359) 

-0.0064 

(0.0489) 

-0.0032 

(0.0452) 

0.0660 

(0.0405) 

0.1889*** 

(0.0426) 

0.3773*** 

(0.0359) 

Adj-R2 0.8250 0.6241 0.6774 0.8676 0.8281 0.9253 

 
3 portfolios P1 (lowest interest rate) P2 P3 (highest interest rate) 

𝜶𝒑 0.0144. 

(0.0077) 

-0.0288. 

(0.0154) 

0.0144. 

(0.0077) 

𝜷𝒑,𝒅𝒐𝒍 1.0424*** 0.9152*** 1.0424*** 
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(0.0211) (0.0421) (0.0211) 

𝜷𝒑,𝒉𝒎𝒍 -0.5196*** 

(0.0164) 

0.0391 

(0.0329) 

0.4804*** 

(0.01644) 

Adj-R2 0.9366 0.8435 0.9829 

 

 

Panel b: Level factor by our paper 

𝑟°,/ = 𝛼° + 𝛽°,b·¸𝐷𝑂𝐿/ + 𝛽°,¸FÁF¸𝐿𝑒𝑣𝑒𝑙/ + 𝜖°,/  (17) 

6 

portfolios 

I1 (lowest 

interest rate) 

I2 I3 I4 I5 I6 (highest 

interest rate) 

𝜶𝒑 -0.1247 

(0.1538) 

0.0312 

(0.0323) 

0.0761 

(0.0696) 

0.0317 

(0.0614) 

-0.0571 

(0.0432) 

0.0426 

(0.1126) 

𝜷𝒅𝒐𝒍 0.2894. 

(0.1486) 

0.8790*** 

(0.0619) 

0.9181*** 

(0.1182) 

0.9744*** 

(0.0858) 

1.4636*** 

(0.0795) 

1.4756*** 

(0.0752) 

𝜷𝒍𝒆𝒗𝒆𝒍 1.2192 

(1.4841) 

-0.2893 

(0.2882) 

-0.8238 

(0.5326) 

-0.5831 

(0.5412) 

0.6582 

(0.4069) 

-0.1816 

(0.9356) 

Adj-R2 0.0685 0.6249 0.5831 0.6735 0.8377 0.8043 

 
3 portfolios P1 (lowest interest rate) P2 P3 (highest interest rate) 

𝜶𝒑 -0.0467 

(0.0647) 

0.0539 

(0.0331) 

-0.0072 

(0.0642) 

𝜷𝒑,𝒅𝒐𝒍 0.5842*** 

(0.0657) 

0.9462*** 

(0.0368) 

1.4696*** 

(0.0663) 

𝜷𝒑,𝒍𝒆𝒗𝒆𝒍 0.4652 

(0.5785) 

-0.7034** 

(0.2655) 

0.2383 

(0.5622) 

Adj-R2 0.5086 0.8482 0.8832 

 

 

Panel c: Slope factor by our paper 

𝑟°,/ = 𝛼° + 𝛽°,b·¸𝐷𝑂𝐿/ + 𝛽°,e¸·°F𝑆𝑙𝑜𝑝𝑒/ + 𝜖°,/  (18) 

6 

portfolios 

I1 (lowest 

interest rate) 

I2 I3 I4 I5 I6 (highest 

interest rate) 

𝜶𝒑 0.0337 

(0.0404) 

-0.0093 

(0.0100) 

-0.0200 

(0.0228) 

-0.0374. 

(0.0196) 

0.0176 

(0.0179) 

0.0155 

(0.0228) 

𝜷𝒑,𝒅𝒐𝒍 0.3190* 0.8650*** 0.9229*** 0.9751*** 1.4549*** 1.4631*** 
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(0.1328) (0.0536) (0.1147) (0.0909) (0.0745) (0.0878) 

𝜷𝒑,𝒔𝒍𝒐𝒑𝒆 -2.7648. 

(1.6576) 

1.1872*** 

(0.3095) 

-0.0356 

(0.8879) 

0.1814 

(0.6550) 

0.4026 

(0.6490) 

1.0292 

(0.6237) 

Adj-R2 0.105 0.6333 0.5769 0.6705 0.8359 0.8073 

 
3 portfolios P1 (lowest interest rate) P2 P3 (highest interest rate) 

𝜶𝒑 0.0120 

(0.0190) 

-0.0287* 

(0.0141) 

0.0165 

(0.0146) 

𝜷𝒑,𝒅𝒐𝒍 0.5920*** 

(0.0633) 

0.9490*** 

(0.0387) 

1.4590*** 

(0.0658) 

𝜷𝒑,𝒔𝒍𝒐𝒑𝒆 -0.7888 

(0.7137) 

0.0729 

(0.6152) 

0.7159 

(0.4456) 

Adj-R2 0.5119 0.8421 0.8846 

 

 

B. Cross-sectional tests 

Next, we do cross-sectional tests using two approaches. One is traditional two-stage Fama-

MacBeth (FMB) approach by Fama and MacBeth (1973) with Ordinary Least Squares (OLS) 

estimation. The first stage is to run time series test as shown above in equation (15), regressing 

monthly excess return of each portfolio 𝑟°,/ , on the risk factor 𝑓 , to derive exposure of each 

portfolio 𝛽° . The second stage is to run cross section test as shown in equation below (19), 

regressing average excess return of each portfolio 𝑟°, on its estimated exposure 𝛽° derived from 

equation (15), to find the price of risk factor 𝜆. That is, we investigate the variation in factor 

exposures to explain variation in average returns across portfolios. We do not include constant in 

the second stage regression, following Lustig et al. (2011) and Menkhoff et al. (2012). 

 

𝑟° = 𝛽°𝜆 + 𝜖°  (19) 

 

The other one is SDF approach by Cochrane (2005). The asset pricing theory suggests that there 

is a stochastic discount factor 𝑚/  pricing excess return 𝑟°,/ . By no arbitrage, the excess return 

should have a zero expected price if adjusted by risk, as implied by Euler equation (20). We assume 
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that SDF has a linear form of risk factors 𝑓/, as shown in equation (21) below, where 𝜇 is mean of 

factors, and 𝑏 is vector of factor loadings.  

 

𝐸[𝑚/𝑟°,/] = 0  (20) 

𝑚/ = 1 − 𝑏′(𝑓/ − 𝜇)		(21) 

 

Combining equation (20) and (21) derives the moment conditions, as shown in equation (22), and 

we use the Generalized Method of Moments (GMM) approach by Hansen (1982) to estimate 

parameters 𝜇 and 𝑏. 

 

𝐸[(1 − 𝑏′(𝑓/ − 𝜇))𝑟°,/] = 0	(22) 

 

This linear factor model implies beta pricing model, that the expected excess return of a portfolio 

equals to the risk factor price 𝜆 times risk quantities 𝛽° of the portfolio. The relation between price 

𝜆 and the parameter 𝑏 in equation (22) is given by equation (24), where Ω� is variance-covariance 

matrix of risk factors 𝑓/. In this way we can back out the price of risk factor, 𝜆. 

 

𝐸[𝑟°] = 𝜆′𝛽°		(23) 

𝜆 = Ω�𝑏			(24) 

 

To obtain the standard error of λ, we use Delta method. To obtain adjusted R-squared, we follow 

steps in Rafferty (2012), to look at how much variance of actual value 𝑟° on average is explained 

by estimated value 𝑟° , which is calculated as equation (25), where Ω�,>  is variance-covariance 

matrix of risk factors 𝑓/ and excess returns 𝑟°,/.  

 

𝑟° = Ω�,>𝑏		(25) 

 

We first do these cross-sectional tests on HML factors by Lustig et al. (2011) and find consistency 

with their results. As shown in Table 13 Panel a, both of us have positive adjusted R-squared by 

FMB approach, though our value is lower due to fewer currency pairs, of 0.49 (0.11) in 6 portfolios 
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(3 portfolios). Both of us have negative adjusted R-squared by GMM estimation, and positive 

prices of DOL and HML factors with close values around 140-323 basis points and 173-393 basis 

points per annum respectively. Next, we do cross-sectional tests on our risk factors level and slope. 

In comparison, level factor has consistently positive adjusted R-squared of 0.78 (0.21) by FMB 

approach and of 0.44 (0.67) by GMM approach in 6 portfolios (3 portfolios), substantially 

improving the cross-sectional explanation power of currency excess returns, as shown in Table 13 

Panel b. In addition, using level factor not only gains statistical significance in its own price 

estimation of 185-404 basis points per annum, but also brings statistical significance of DOL factor 

price estimation. Slope factor did not show consistent improvement in cross-sectional explanation 

power, and its price estimation sometimes goes negative, as shown in Table 13 Panel c, which we 

will explore further in next section 5.3. 

 

Table 13. Cross-sectional Test 

The table summarizes prices of risk factors 𝜆 (and parameter b in GMM test), and cross-sectional 

explanation power adjusted R-squared (Adj-R2). All values are annualized, with Newey-West 

standard error included in parenthesis. "., *, **, ***" indicate statistical significance at 10%, 5%, 

1%, and 0.1% levels respectively, by Newey and West (1987) and Andrews (1991). 

 

Panel a: Risk factors by Lustig et al. (2011) 

FMB: 𝑟° = 𝛽°,b·¸𝜆𝑑𝑜𝑙 + 𝛽°,¹q¸𝜆ℎ𝑚𝑙 + 𝜖°			(26) 

GMM: 𝐸[(1 − 𝑏𝑑𝑜𝑙(𝐷𝑂𝐿/ − 𝜇𝑑𝑜𝑙) − 𝑏ℎ𝑚𝑙(𝐻𝑀𝐿/ − 𝜇ℎ𝑚𝑙))𝑟°,/] = 0, 𝜆 = Ω�ÊM,NIM𝑏				(27) 

 

 6 portfolios  3 portfolios 

 FMB GMM  FMB GMM 

𝝀𝒅𝒐𝒍 

 

𝒃𝒅𝒐𝒍 

0.0286. 

(0.0107) 

0.0185 

(0.0314) 

0.2016 

(0.4011) 

 0.0140 

(0.0067) 

0.0323 

(0.0350) 

0.2223 

(0.3830) 

      

𝝀𝒉𝒎𝒍 

 

0.0290 

(0.0223) 

0.0173 

(0.0648) 

 0.0167 

(0.0235) 

0.0393 

(0.0503) 
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𝒃𝒉𝒎𝒍 -0.0202 

(0.2238) 

0.0990 

(0.3084) 

      

Adj-R2 0.4850 -0.3153  0.1063 -0.9696 

 

Panel b: Level factor by our paper 

FMB: 𝑟° = 𝛽°,b·¸𝜆𝑑𝑜𝑙 + 𝛽°,¸FÁF¸𝜆𝑙𝑒𝑣𝑒𝑙 + 𝜖°			(28) 

GMM: 𝐸[(1 − 𝑏𝑑𝑜𝑙(𝐷𝑂𝐿/ − 𝜇𝑑𝑜𝑙) − 𝑏ℎ𝑚𝑙(𝐿𝑒𝑣𝑒𝑙/ − 𝜇ℎ𝑚𝑙))𝑟°,/] = 0, 𝜆 = Ω�ÊM,MFÁF¸𝑏			(29) 

 

 6 portfolios  3 portfolios 

 FMB GMM  FMB GMM 

𝝀𝒅𝒐𝒍 

 

𝒃𝒅𝒐𝒍 

0.0299** 

(0.0059) 

0.0352 

 

0.4534 

(0.3200) 

 0.0148* 

(0.0048) 

0.0287 

 

0.4331 

(0.3850) 

      

𝝀𝒍𝒆𝒗𝒆𝒍 

 

𝒃𝒍𝒆𝒗𝒆𝒍 

0.0232* 

(0.0051) 

0.0296 

 

0.2177** 

(0.0841) 

 0.0185** 

(0.0026) 

0.0404 

 

0.2971 

(0.1931) 

      

Adj-R2 0.7758 0.4378  0.2123 0.6681 

 

Panel c. Slope factor by our paper 

FMB: 𝑟° = 𝛼 + 𝛽°,b·¸𝜆𝑑𝑜𝑙 + 𝛽°,e¸·°F𝜆𝑠𝑙𝑜𝑝𝑒 + 𝜖°			(30) 

GMM: 𝐸[(1 − 𝑏𝑑𝑜𝑙(𝐷𝑂𝐿/ − 𝜇𝑑𝑜𝑙) − 𝑏𝑠𝑙𝑜𝑝𝑒(𝑆𝑙𝑜𝑝𝑒/ − 𝜇𝑠𝑙𝑜𝑝𝑒))𝑟°,/] = 0, 𝜆 = Ω�ÊM,k¸·°F𝑏		(31) 

 

 6 portfolios  3 portfolios 

 FMB GMM  FMB GMM 

𝝀𝒅𝒐𝒍 

 

𝒃𝒅𝒐𝒍 

0.0293* 

(0.0105) 

0.0199 

(0.0295) 

 0.0141 

(0.0067) 

0.0758 

(0.0737) 
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0.2276 

(0.3683) 

0.1709 

(0.5811) 

      

𝝀𝒔𝒍𝒐𝒑𝒆 

 

𝒃𝒔𝒍𝒐𝒑𝒆 

-0.0030 

(0.0018) 

-0.0021 

(0.0119) 

-2.8226 

(14.4777) 

 0.0027 

(0.0120) 

0.0362 

(0.0502) 

42.5747 

(63.2816) 

      

Adj-R2 0.5018 -0.2352  0.0254 -16.8975 

 

 

5.3 Beta sorting 

Another popular approach to examine risk premia is beta sorting (Ang et al., 2006; Pastor and 

Stambaugh, 2003), adopted by Lustig et al. (2011) and Menkhoff et al. (2012) in FX field as well. 

We run rolling time series regressions, regressing excess return of each currency on our risk factor 

level or slope, in a rolling window of 36 months, to derive time-varying betas, the exposures to 

risk factor. Then at the end of each month, we group currencies into portfolios by sorting their 

betas, allocating currencies with lowest beta to the first portfolio, and currencies with highest beta 

to the last portfolio. Then we compute average excess return of each portfolio, finding it almost 

monotonically increasing along increasing beta of level, and almost monotonically decreasing 

along increasing beta of slope. As shown in Table 14 Panel a, for level, the spread by longing the 

last portfolio of highest beta and shorting the first portfolio of lowest beta, is as high as 16.07% 

(14.28%), with statistical significance at 1% (0.1%) level, with Sharpe ratio exceeding one of 1.14 

(1.34), when we look at 6 portfolios (3 portfolios). As shown in Table 14 Panel b, for slope, the 

spread by shorting the last portfolio of highest beta and longing the first portfolio of lowest beta, 

is even higher, of 18.82% (14.36%) with statistical significance at 1% (0.1%) level, earning even 

higher Sharpe ratio of 1.19 (1.42), when we look at 6 portfolios (3 portfolios). We repeat the beta 

sorting analysis using 12-month window to estimate beta, and obtain spread of 16.07% (14.28%) 

for level, with statistical significance at 1% (0.1%) level, with Sharpe ratio exceeding one of 1.14 

(1.34), when we look at 6 portfolios (3 portfolios). for slope, with statistical significance at 1% 

(0.1%) level, with Sharpe ratio exceeding one of 1.14 (1.34), when we look at 6 portfolios (3 

portfolios), as shown in Table 15.   
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The significant cross-sectional spread in returns further justify that our proposed risk factors are 

priced. Following the logic of Lustig et al. (2011), for level, high beta asset loads more on level 

factor and earns high risk premium, which is consistent with the results of positive price of level 

risk in section 5.2. For slope, low beta asset loads less on slope factor but earns high risk premium, 

suggesting negative price of slope risk. These results suggest that high level and low slope 

corresponds to certain high risk. The risk may be disaster risk, as suggested in section 3 and section 

5.1 that 2008 financial crisis has high level and negative slope. It may be risk of disaster duration, 

proposed by Xie (2014) that downward-sloping VIX corresponds to long disaster. It may be risk 

proximity, how soon the risk is going to happen (Byunghoon, 2017). What risks are behind level 

and slope factors leave open areas for research. 

 

Table 14. Beta Sorting (36-month window) 

The table summarizes statistics of excess returns for portfolios sorted by level beta (Panel a) and 

slope beta (Panel b) respectively, including mean, standard deviation (St. dev.), skewness, kurtosis, 

Sharpe ratio (SR), auto-correlation coefficient of degree one (AC(1)), and sample size (Obs). All 

values are annualized. "., *, **, ***" indicate statistical significance at 10%, 5%, 1%, and 0.1% 

levels respectively, by Newey and West (1987) and Andrews (1991). Panel a sorts currencies by 

level beta from low to high, and calculates level spread by longing currencies of highest beta and 

shorting ones of lowest beta. Panel b sorts currencies by slope beta from low to high, and calculates 

slope spread by shorting currencies of highest beta and longing ones of lowest beta. 

a. level 

6 portfolios I1 (lowest 

beta, short) 

I2 I3 I4 I5 I6 (highest 

beta, long) 

Level 

Mean -0.0411 -0.0295 -0.0201 0.0375 0.0399 0.0467 0.0878* 

St. dev. 0.1099 0.1317 0.1198 0.1227 0.1102 0.1168 0.1177 

Skew -0.4890 -1.6295 -1.6734 -0.9297 -0.3313 0.8964 0.9897 

Kurt 4.2942 6.8830 9.6827 5.6487 5.0755 6.8907 4.8977 

SR -0.3743 -0.2240 -0.1678 0.3056 0.3620 0.3999 0.7460 

AC(1) 0.084 0.361 -0.049 0.252 0.069 0.127 0.193 

Obs 70 70 70 70 70 70 70 
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3 portfolios P1 (lowest 

beta, short) 

P2 P3 (highest 

beta, long) 

Level 

Mean -0.0353 0.0087 0.0433 0.0786* 

St. dev. 0.1030 0.1108 0.0954 0.1101 

Skew -1.1301 -1.5372 0.8988 1.0159 

Kurt 5.0194 9.5671 6.0073 4.2995 

SR -0.3428 0.0785 0.4539 0.7135 

AC(1) 0.285 0.132 0.017 0.285 

Obs 70 70 70 70 

 

b. slope 

6 portfolios I1 (lowest 

beta, long) 

I2 I3 I4 I5 I6 (highest 

beta, short) 

Slope 

Mean 0.1101 0.0346 -0.0010 -0.0477 -0.0724 0.0097 0.1004 

St. dev. 0.1171 0.1072 0.1169 0.1256 0.1215 0.1190 0.1636 

Skew -0.0990 0.6335 -0.7302 -1.4924 -1.5850 -0.8964 0.9155 

Kurt 5.3611 7.5297 5.9996 8.0217 6.8977 5.5003 7.2843 

SR 0.9404 0.3231 -0.0087 -0.3802 -0.5957 0.0817 0.6136 

AC(1) 0.035 0.091 -0.097 0.266 0.322 0.123 0.212 

Obs 70 70 70 70 70 70 70 

 

3 portfolios P1 (lowest 

beta, long) 

P2 P3 (highest 

beta, short) 

Slope 

Mean 0.0724 -0.0244 -0.0313 0.1037* 

St. dev. 0.0955 0.1125 0.1012 0.1042 

Skew 0.6281 -1.4230 -1.2014 1.1003 

Kurt 5.9443 8.9221 5.3960 4.7830 

SR 0.7579 -0.2191 -0.3094 0.9953 

AC(1) 0.02 0.119 0.284 0.401 

Obs 70 70 70 70 
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Table 15. Beta Sorting (12-month window) 

The table summarizes statistics of excess returns for portfolios sorted by level beta (Panel a) and 

slope beta (Panel b) respectively, including mean, standard deviation (St. dev.), skewness, kurtosis, 

Sharpe ratio (SR), auto-correlation coefficient of degree one (AC(1)), and sample size (Obs). All 

values are annualized. "., *, **, ***" indicate statistical significance at 10%, 5%, 1%, and 0.1% 

levels respectively, by Newey and West (1987) and Andrews (1991). Panel a sorts currencies by 

level beta from low to high, and calculates level spread by longing currencies of highest beta and 

shorting ones of lowest beta. Panel b sorts currencies by slope beta from low to high, and calculates 

slope spread by shorting currencies of highest beta and longing ones of lowest beta. 

a. level 

6 portfolios I1 (lowest 

beta, short) 

I2 I3 I4 I5 I6 (highest 

beta, long) 

Level 

Mean -0.0310 -0.0671 0.0567 0.0714 0.0599 0.1308 0.1618** 

St. dev. 0.1277 0.1174 0.1239 0.1262 0.0972 0.1311 0.1416 

Skew -1.2425 -0.6445 -0.8598 -0.1811 0.2108 0.2247 0.3774 

Kurt 6.4403 3.6187 8.4407 6.3078 4.2466 4.6330 4.2009 

SR -0.2427 -0.5713 0.4578 0.5656 0.6159 0.9976 1.1422 

AC(1) 0.148 0.251 0.042 -0.001 -0.059 -0.03 0.141 

Obs 94 94 94 94 94 94 94 

 

3 

portfolios 

P1 (lowest 

beta, short) 

P2 P3 (highest 

beta, long) 

Level 

Mean -0.0490 0.0640 0.0953 0.1444*** 

St. dev. 0.1072 0.1153 0.0988 0.1029 

Skew -1.4008 -0.5674 -0.1159 0.6353 

Kurt 6.5906 8.8006 3.7615 4.6924 

SR -0.4574 0.5554 0.9650 1.4026 

AC(1) 0.246 0.041 -0.02 0.2 

Obs 94 94 94 94 
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b. slope 

6 portfolios I1 (lowest 

beta, long) 

I2 I3 I4 I5 I6 (highest 

beta, short) 

Slope 

Mean 0.1444 0.0518 0.0529 0.0626 -0.0463 -0.0448 0.1891** 

St. dev. 0.1236 0.1072 0.1260 0.1184 0.1283 0.1221 0.1575 

Skew 0.7194 -0.2869 -0.6085 -1.0843 -0.9711 -0.3437 1.4067 

Kurt 4.2677 6.0012 5.5792 11.3658 4.9385 4.3543 6.8531 

SR 1.1684 0.4834 0.4202 0.5288 -0.3612 -0.3664 1.2012 

AC(1) -0.065 0.12 0.005 0.016 0.067 0.18 0.182 

Obs 94 94 94 94 94 94 94 

 

3 

portfolios 

P1 (lowest 

beta, long) 

P2 P3 (highest 

beta, short) 

Slope 

Mean 0.0981 0.0578 -0.0456 0.1436*** 

St. dev. 0.0992 0.1120 0.1071 0.1010 

Skew 0.7301 -0.9674 -0.6971 1.1014 

Kurt 4.7857 10.0060 3.9166 4.5364 

SR 0.9886 0.5156 -0.4251 1.4220 

AC(1) -0.069 0.028 0.242 0.141 

Obs 94 94 94 94 

 

 

5.4 A time series perspective to explain Carry Trade 

At last, we follow the idea of Menkhoff et al. (2012) to examine the time series relationship 

between Carry Trade returns and our global risk factors of level and slope. We use Carry Trade 

portfolios constructed in section 4.2, sorted by their interest rate from low to high, then regress 

excess return of each portfolio 𝑟°,/  on our global risk factors level and slope, to derive the 

parameters 𝛽°,¸FÁF¸ and 𝛽°,e¸·°F respectively, as shown in equation (32) and (33). These parameters 

can be interpreted as covariance, measuring the direction of co-movement between these portfolios 

returns and our global risk factors. As shown in Table 16, returns of high (low) interest rate 
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portfolio have negative (positive) covariance to level factor. At the same time, returns of high (low) 

interest rate portfolio have positive (negative) covariance to slope factor with statistical 

significance. These results are consistent with our time series tests in section 5.2. As suggested in 

section 5.3, high level and low slope correspond to high risk, thus these results imply that high 

interest rate currency is risky asset, with little or even negative covariance to the risk embodied in 

level and slope risk factors, performing poorly when high risk (that is, high level and low slope), 

and thus requiring high return. In contrary, low interest rate currency hedges against the risk, 

performing well when there is high risk of high level and low slope. This leads to negative 

covariance between Carry Trade performance and the risk, explaining why Carry Trade failed 

during 2008 crisis. These findings are consistent with both empirical work by Menkhoff et al. 

(2012) and theoretical work by Farhi and Gabaix (2015) that risky countries have high interest rate 

to compensate for the risk of currency depreciation in potential world disaster. This further justifies 

time-varying risk premia in carry trade excess return, and the underlying risk can be approximated 

by our global risk factors of level and slope. 

 

Table 16. Covariance between Carry Trade Return and  

Global Risk Factors of Level and Slope 

The table sorts currencies by interest rate differential from low to high, constructs Carry Trade by 

longing currencies of highest interest rate and shorting ones of lowest interest rate, and records 

exposures of these portfolios returns to our global risk factors, level and slope. 𝑟°,/ is excess return 

by each portfolio. All values are annualized, with Newey-West standard error included in 

parenthesis. "., *, **, ***" indicate statistical significance at 10%, 5%, 1%, and 0.1% levels 

respectively, by Newey and West (1987) and Andrews (1991). Panel a and b report exposures to 

level and slope factors respectively. 

 

a. Level 

𝑟°,/ = 𝛼° + 𝛽°,¸FÁF¸𝐿𝑒𝑣𝑒𝑙/ + 𝜖°,/  (32) 

6 

portfolios 

I1 (lowest 

interest rate) 

I2 I3 I4 I5 I6 (highest 

interest rate) 

Carry 

𝜷𝒑,𝒍𝒆𝒗𝒆𝒍 1.1029 

(1.2852) 

-0.6438 

(1.1434) 

-1.1940 

(1.3334) 

-0.9760 

(0.8993) 

1.1029 

(1.2852) 

-0.7767 

(2.1003) 

-1.8797 

(2.8937) 
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3 portfolios P1 (lowest 

interest rate) 

P2 P3 (highest 

interest rate) 

Carry 

𝜷𝒑,𝒍𝒆𝒗𝒆𝒍 0.2296 

(0.5145) 

-1.0850 

(0.9805) 

-0.3544 

(1.8082) 

-0.5840 

(1.7222) 

 

b. Slope 

𝑟°,/ = 𝛼° + 𝛽°,e¸·°F𝑆𝑙𝑜𝑝𝑒/ + 𝜖°,/  (33) 

6 

portfolios 

I1 (lowest 

interest rate) 

I2 I3 I4 I5 I6 (highest 

interest rate) 

Carry 

𝜷𝒑,𝒔𝒍𝒐𝒑𝒆 -2.2506 

(1.4877) 

2.5814* 

(1.1055) 

1.4519 

(1.4990) 

1.7531 

(1.5604) 

2.7475* 

(1.3723) 

3.3874 

(2.0832) 

5.6380. 

(3.3953) 

 

 

3 portfolios P1 (lowest 

interest rate) 

P2 P3 (highest 

interest rate) 

Carry 

𝜷𝒑,𝒔𝒍𝒐𝒑𝒆 0.1654 

(0.4530) 

1.6025 

(1.5171) 

3.0675. 

(1.7472) 

2.9021 

(1.9132) 

 

 

6. Conclusions and Discussions 

 

The paper has three main contributions, studying empirical performance of currency risk term 

structure which is believed new in the literature, extracting its information to build profitable 

trading strategies, and to construct global risk factors to explain currency excess returns, a long-

lasting puzzle. To achieve these goals, the paper first constructs a new index FCX, to 

comprehensively measure FX risk, using corridor method by Andersen et al. (2015), and 

establishes its ability to well capture market stress in terms of volatility and to reflect asymmetric 

importance of return distribution tails. With the tool of FCX, we look into currency risks across 

different horizons, derive currency risk term structure for each currency pair, and builds 

measurement of level and slope to quantify their shapes. We consistently find that for currencies 

paired by US dollars, term structure of currency risk is flat at a low level prior to 2008 crisis, 

upward-sloping after the crisis, and peaks at a high level with prominently negative slope during 
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the crisis. This work is believed to be new in currency research field, and the result is consistent 

with both recent empirical findings in equity and fixed-income markets, and their modified 

disasters theories, shedding light on FX theory modeling in the future.  

 

The paper continues to explore usage of the information of currency risk term structure through 

two ways. One is to build trading strategies, earning profit by longing currencies with highest level 

or slope and shorting ones with lowest level or slope. The profit by sorting slope has low 

correlation to Carry Trade and is robust to 2008 crisis period. The other way is to extract global 

risk factors to help understand currency excess return, which has been a long-lasting puzzle. The 

global risk factor by level substantially improves cross-sectional explanation power in currency 

excess returns, compared to Lustig et al. (2011). In addition, we do beta sorting approach, sorting 

currency pairs by their return exposures to global risk factors level and slope, and find highly 

significant spread by longing highest level beta and shorting lowest level beta, or by longing lowest 

slope beta and shorting highest slope beta. The significant cross-sectional spread in returns not 

only further justify that our proposed risk factors are priced, but also suggest that there is certain 

high risk corresponding to high level and low slope. Furthermore, we find that high interest rate 

currency earns returns co-varying negatively to the risk embodied in level and slope, implying that 

it's risky asset and thus require high risk premium, which well explains the Carry Trade excess 

returns. The risk behind our global risk factors of level and slope, may be disaster risk, as suggested 

by our findings that 2008 financial crisis has high level and negative slope. It may be risk of 

disaster duration, proposed by Xie (2014) that downward-sloping VIX corresponds to long disaster. 

It may be risk proximity, how soon the risk is going to happen (Byunghoon, 2017). What risks are 

behind level and slope factors leave open areas for research. 
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Appendix A. MFIV Introduction5 

 

This section briefly introduces why MFIV can measure variance. Consider an integrated variance 

contract with maturity 𝑇, where 𝐹/ is continuous, following standard Brownian motion 𝐵/∗, and the 

instantaneous variance 𝑣/ can have jumps. Define its payoff as 𝐼𝑉?, and its time-zero value under 

risk-neutral expectation 𝐸@∗[𝐼𝑉?] is what we aim to measure. 

 

𝑑𝐹/
𝐹/

= 	 𝑣/𝑑𝐵/∗ 

 

𝐼𝑉? ∶= (
𝑑𝐹/
𝐹/
)A

?

@
= 𝑣/

?

@
𝑑𝑡 

 

To replicate the value of the variance contract, Dupire (1993) and Neuberger (1994) came up with 

the portfolio of OTM options 𝑂𝑃?, and define the measure 𝑀𝐹𝐼𝑉 as its time-zero value 𝐸@∗[𝑂𝑃?], 

which is proved to be equivalent with 𝐸@∗[𝐼𝑉?] (Bondarenko, 2014). 

                                                
5 This section mainly refers to Bondarenko (2014). 
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𝑂𝑃? ∶= 	2(
𝑃?(𝐾)
𝐾A

,B

@
𝑑𝐾 +

𝐶?(𝐾)
𝐾A

D

,B
𝑑𝐾) 	= 	2

𝑀?(𝐾)
𝐾A

D

@
𝑑𝐾 

 

𝑀𝐹𝐼𝑉 ∶= 𝐸@∗[𝑂𝑃?] = 	2
𝑀@(𝐾)
𝐾A

D

@
𝑑𝐾 

 

𝐸@∗[𝐼𝑉?] = 𝑀𝐹𝐼𝑉 

 

Bondarenko (2014) introduced a realized variance contract 𝑅𝑉? , relaxing the assumption of 

continuous process of 𝐹/ to allow for discrete sampling up to daily frequency. Its value is proved 

able to be replicated by portfolio constructed above as well (Bondarenko, 2014). 

 

𝑅𝑉? ∶= 2 (
𝐹l − 𝐹lYZ
𝐹lYZ

− 𝑙𝑛(
Ï

l�Z

𝐹l
𝐹lYZ

)) 

 

𝐸@∗[𝑅𝑉?] = 𝑀𝐹𝐼𝑉 
 

Appendix B. FCX construction 

 

This section shows detailed steps to apply corridor method on FX option. First, we need a set of 

strike prices of FX options. FX options are usually quoted in implied volatility. For example, in JP 

Morgan database, we have implied volatility data for 10 delta put options, 25 delta put options, 

ATM options, 10 delta call options, and 25 delta call options, denoted as 

𝜎Z@Ñ°, 𝜎A^Ñ°, 𝜎�?I, 𝜎Z@ÑÒ, 𝜎A^ÑÒ  respectively. According to definition of delta, we can calculate 

strikes 𝐾 for these five options respectively, with spot price of the currency asset 𝑆/ , implied 

volatility 𝜎, domestic and foreign interest rate 𝑟b and 𝑟�, and maturity 𝑇.  
 

 

 

𝐾A^Ñ° = 	𝑆/𝑒[Ó
ÔÕ(@.A^FG

ÖH)×KØÙÚ ?\(>ÛY>Ö\@.^×KØÙÚ
K )?] 
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𝐾�?I = 	𝑆/𝑒(>
ÛY>Ö\@.^×ÜHÝ

K )? 

 

𝐾A^ÑÒ = 	 𝑆/𝑒[YÓ
ÔÕ(@.A^FG

ÖH)×KØÙÞ ?\(>ÛY>Ö\@.^×KØÙÞ
K )?] 

 

Next, we do interpolation and extrapolation. 

(1) Come up with a set of strikes within reasonable range (0.75𝑚𝑖𝑛
/
(𝑆/) , 1.25𝑚𝑎𝑥/ (𝑆/)), with an 

interval of 0.001 except for USDJPY with interval 0.05. Denote them as 𝐾Z, 𝐾A, . . . , 𝐾Ï, . . . , 𝐾 . 

(2) For each 𝐾 , calculate its implied volatility σ(𝐾) using Vanna-Volga method proposed by 

Castagana and Mercurio (2007) and Castagana (2010): 

 

𝜎(𝐾) = 	𝜎c/q +
−𝜎c/q + 𝜎c/qA + 𝑑Z(𝐾)𝑑A(𝐾)(2𝜎c/q𝐷Z(𝐾) + 𝐷A(𝐾))

𝑑Z(𝐾)𝑑A(𝐾)
 

where 

𝐷Z 𝐾 =
ln 𝐾c/q

𝐾 ln 𝐾A^ÑÒ
𝐾

ln 𝐾c/q
𝐾A^Ñ°

ln 𝐾A^ÑÒ
𝐾A^Ñ°

𝜎A^Ñ° +
ln 𝐾

𝐾A^Ñ°
ln 𝐾A^ÑÒ

𝐾

ln 𝐾c/q
𝐾A^Ñ°

ln 𝐾A^ÑÒ
𝐾c/q

𝜎c/q +
𝑙𝑛[ 𝐾
𝐾A^Ñ°

]𝑙𝑛[ 𝐾
𝐾c/q

]

𝑙𝑛[𝐾A^ÑÒ𝐾A^Ñ°
]𝑙𝑛[𝐾A^ÑÒ𝐾c/q

]
𝜎A^ÑÒ

− 𝜎c/q 

 

𝐷A 𝐾 =
ln 𝐾c/q

𝐾 ln 𝐾A^ÑÒ
𝐾

ln 𝐾c/q
𝐾A^Ñ°

ln 𝐾A^ÑÒ
𝐾A^Ñ°

𝑑Z(𝐾A^Ñ°)𝑑A(𝐾A^Ñ°)(𝜎A^Ñ° − 𝜎c/q)A

+
𝑙𝑛[ 𝐾
𝐾A^Ñ°

]𝑙𝑛[ 𝐾
𝐾c/q

]

𝑙𝑛[𝐾A^ÑÒ𝐾A^Ñ°
]𝑙𝑛[𝐾A^ÑÒ𝐾c/q

]
𝑑Z(𝐾A^ÑÒ)𝑑A(𝐾A^ÑÒ)(𝜎A^ÑÒ − 𝜎c/q)A 

 

𝑑Z 𝐾A^Ñ° =
log 𝑆/

𝐾A^Ñ°
+ 𝑟b − 𝑟� + 0.5𝜎A^Ñ°A 𝑇

𝜎A^Ñ° 𝑇
, 𝑑A 𝐾A^Ñ° = 𝑑Z 𝐾A^Ñ° −	𝜎A^Ñ° 𝑇,	 
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𝑑Z 𝐾A^ÑÒ =
log 𝑆/

𝐾A^ÑÒ
+ 𝑟b − 𝑟� + 0.5𝜎A^ÑÒA 𝑇

𝜎A^ÑÒ 𝑇
, 𝑑A 𝐾A^ÑÒ = 𝑑Z 𝐾A^ÑÒ −	𝜎A^ÑÒ 𝑇,	 

𝑑Z(𝐾) =
𝑙𝑜𝑔[𝑆/𝐾] + (𝑟

b − 𝑟� + 0.5𝜎A)𝑇

𝜎 𝑇
, 𝑑A(𝐾) = 𝑑Z(𝐾) − 	𝜎 𝑇, 𝜎 ≈ 𝜎c/q 

 

 

𝑗 = 1, 2, . . . 𝑁 , 0 < 𝐾Z < 𝐾A <. . . < 𝐾� <= 𝐹 < 𝐾�\Z <. . . < 𝐾  , 𝐹  is the current 𝑡 = 0 forward 

price for time 𝑇, and 𝐾� is the first strike below forward price. If all	𝐾 > 𝐹, 𝐾� = 𝐹 

 

Now with strikes, according to Black-Scholes formula, price of call and put options 𝐶/ and 𝑃/, can 

be derived. Finally, we have every piece needed and can construct FCX. 

 

𝐶/ = 	 𝑒Y>
Ö?𝑆/𝜙(𝑑Z) − 𝑒Y>

Û?𝐾𝜙(𝑑A)] 

 

𝑃/ = 	−𝑒Y>
Ö?𝑆/𝜙(−𝑑Z) + 𝑒Y>

Û?𝐾𝜙(−𝑑A)] 

 

𝑀/(𝐾) 	= 	𝑚𝑖𝑛	(𝑃/(𝐾)	, 𝐶/(𝐾)) 

 

𝐹𝐶𝐼𝑉? 	= 	
2𝑒(>jk)?

𝑇
Δ𝐾�
𝐾�A

N

��M

𝑀@(𝐾�) 	−	
1
𝑇
[
𝐹
𝐾�
− 1]A 

 

Δ𝐾� 	= 	
𝐾�\Z − 𝐾�YZ

2
 

 

𝐹𝐶𝑋? 	= 	 𝐹𝐶𝐼𝑉? 

 

𝑇 = 1𝑤, 1𝑚, . . . , 12𝑚 

 

Appendix C. Realized Volatility 
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We follow the concept of squared weighted return 𝑟�A, proposed by Andersen et al. (2015) who 

showed that it is the notion of return variation priced by MFIV formula.  

 

 𝑟/,�A = 2(𝑟/,c − 𝑟/,¸) 

 

𝑟/,¸ = 𝑙𝑛(𝑆/) − 𝑙𝑛(𝑆/YZ), 𝑟/,c = (𝑆/ − 𝑆/YZ)/𝑆/YZ  

 

𝑆/:	𝑒𝑥𝑐ℎ𝑎𝑛𝑔𝑒	𝑟𝑎𝑡𝑒	𝑠𝑝𝑜𝑡	𝑟𝑎𝑡𝑒	𝑎𝑡	𝑡𝑖𝑚𝑒	𝑡. 

 

𝑅𝑉�,/,/\? ∶= 	 𝑟/ê,�A/ê�/\?
/ê�/\Z = 	 A

_
𝑅𝑉 ,/,/\? +

Z
_
𝑅𝑉c,/,/\?  

 

𝑅𝑉 ,/,/\? ∶= 	 𝑟/ê,¸A/ê�/\?
/ê�/\Z ,     𝑅𝑉c,/,/\? ∶= 	 𝑟/ê,cA/ê�/\?

/ê�/\Z   


