
 

Currency Jumps and Crises: Do Developed and 
Emerging Market Currencies Jump Together? 

 

Kam Fong Chan 

UQ Business School, The University of Queensland, Australia 

 
John G. Powell 

Massey University, New Zealand 
 

Sirimon Treepongkaruna 

UWA Business School, The University of Western Australia, Australia 

 
 

This version: March 2012 

 

Abstract: Emerging market currencies tend to jump together, thus intensifying short-term risk, 
as revealed by their “cojump betas”, whereas developed market currency jumps are essentially 
idiosyncratic. Emerging market currency jumps are considerably more severe, especially during 
crisis periods. Jumps represent a majority of emerging market currency volatility, in stark contrast 
to the much lower jump contribution previously documented for developed currency markets. 
 
 
JEL classification: C01; C58; G01; G11 
Keywords: Bipower variation; realized jump variation; currency cojumps; cojump beta; emerging 
markets 
 
 
 
 
 
 
 
Acknowledgment: The authors appreciate the comments by Tom Smith on the earlier draft of the 
manuscript.  



1 
 

1. Introduction 

The tendency of international financial market prices to display discontinuous jumps is 

disconcerting for investors and corporations alike, since jumps can be problematic if not hedged 

but are also known to be difficult to hedge. Should jumps occur simultaneously in different 

countries, such as when currencies crash or jump downwards together in reaction to a major 

world-wide event such as the 2007–2009 global credit crisis, then the risk situation is worsened, 

since international diversification will not moderate the overall damage. This paper therefore 

examines the features of currency jumps for a wide range of major developed and emerging market 

countries and explores the existence of cojumps amongst the currencies. The good news for 

investors is that a relatively small proportion of the realized volatility of developed market 

currencies is accounted for by jumps, and developed market currencies also do not tend to jump 

together, thus moderating the overall short-term risk profile. Jumps often comprise the majority of 

emerging market currency volatility, however, with emerging market currencies frequently 

jumping in the same direction at the same time, thus enhancing short-term emerging market 

currency risk, especially during financial crises. The concept of “cojump beta” is therefore 

introduced to examine this phenomenon of common (i.e., simultaneous) currency jumps in 

emerging markets. 

To document currency jumps and their features, the bipower variation measure developed 

by Barndorff-Nielsen and Shephard (henceforth BNS, 2004; 2006) is applied to a 15-year sample 

(1996 to 2010) of tick by tick data for 13 major developed and emerging market currencies. The 

BNS measure and its applications are part of what has been referred to as a paradigm shift, made 

possible by tick by tick data studies of the salient features of financial returns, from a continuous 

sample price path paradigm to one with jump discontinuities (e.g., Bollerslev et al., 2008). A 

plethora of studies highlight the importance of incorporating jumps in security prices, utilizing the 

BNS measure, including stock market prices (Andersen et al., 2010a; Tauchen and Zhou, 2010; 

and Evans, 2011), bond prices and interest rates (Dungey et al., 2009, 2012; Wright and Zhou, 

2009; and Busch et al., 2011), and electricity prices (Chan et al., 2008). The BNS measure has also 
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been used to identify economically significant Deutsche Mark (DEM), Euro (EUR), and Japanese 

Yen (JPY) jump risk (Andersen et al., 2007; Tauchen and Zhou, 2010; and Evans, 2011).  

This study applies the BNS measure to a broad sample of currencies, including emerging 

market currencies, over a lengthy sample period, thus providing an important extension of the 

BNS literature due to the breadth of the currencies studied as well as the inclusion of emerging 

market currencies. Prior studies that have employed the BNS test on developed markets such as 

the S&P 500 index, the U.S. Treasury bond market, and the DEM, EUR, or JPY foreign exchange 

markets have found nontrivial jumps with a daily jump frequency of around 10% to 20% (see, e.g., 

Andersen et al., 2007; Wright and Zhou, 2009; and Tauchen and Zhou, 2010). In contrast, this 

study scrutinizes a wide range of eight important developed currency markets, and also examines 

five emerging currency markets. This latter feature is especially important since Bekaert and 

Harvey (1997) find that emerging market returns are more leptokurtic than developed market 

returns, thus suggesting that significant jumps are likely to occur more often in emerging markets 

than the 20% developed market maximum jump frequency, and with potentially larger 

magnitudes and variability. In addition, this study focuses on an extended sample period between 

January 1996 and October 2010 that spans four important financial crises, namely the 1997 ‘Asian 

flu’ crisis, the 1998 Long-Term Capital Management (LTCM) and Russian-Brazilian currency 

crisis, the 2000–2001 DotCom bubble burst, and the 2007–2009 global credit crisis. The presence 

of four crises in the sample suggests that surprise jumps might occur more frequently and have 

more pronounced effects during the crisis subsample periods, hence providing an ideal time period 

to utilize the BNS bipower variation technique. 

The BNS bipower variation measure, further refined by Huang and Tauchen (2005), 

separates the total return variation over a trading day into its continuous sample path variation 

and a potential discontinuous jump component. This allows realized jump variations to be filtered 

out and the jump frequency, jump size, and jump volatility to be estimated. A compellingly 

attractive feature of the BNS jump detection technique is that it is completely nonparametric. As 

such, it stands in contrast to other techniques such as maximum likelihood estimation, efficient 

method of moments, and Markov Chain Monte Carlo that tend to generate noisy parameter 
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estimates that are based on relatively coarser (i.e., daily) returns (see, e.g., Jorion, 1988; and 

Eraker et al., 2003).   

The BNS bipower variation measure identifies statistically significant jumps in all of the 

currencies examined in this study, with the minimum proportion of days with jumps being 13% 

for the British Pound (GBP), while four out of five emerging market currencies display jumps on 

a majority of days. Interestingly, currency jumps do not tend to occur more frequently during 

crisis periods, but they are much more severe, especially for emerging market currencies; in fact, 

jumps are found to be significantly stronger (i.e., with higher jump magnitude and volatility) for 

emerging market currencies during all periods, but are especially strong during crisis periods. 

Jumps contribute at least a third of the overall realized volatility of all emerging market 

currencies examined (52% on average), versus an average of only 15% for developed market 

currencies, with the emerging market jump contribution being considerably higher than previously 

documented in the literature for developed markets and thus representing an important new 

finding.  

Given the much higher frequency, severity, and relative importance of emerging market 

currency jumps, an important question to explore is whether emerging market currencies tend to 

jump at the same time. The BNS technique identifies the precise timing of intraday jumps, thus 

allowing the interesting question of whether different currencies jump simultaneously to be 

investigated. Do cojumps exist over the entire sample period? Are there more cojumps during 

some crisis periods than others? Are currency cojumps more common in emerging markets than in 

developed markets during periods of significant financial turmoil? To answer these questions, 

cojumps, defined as simultaneous significant jumps, are examined.1  Hence, our study extends the 

cojump studies by Dungey et al. (2009), Lahaye et al. (2010), and Dungey and Hvozdyk (2012) 

                                                            
1 The study does not follow the multivariate cojump test developed by Bollerslev et al. (2008) for stock market 
applications where it is assumed that each security has the same proportionate reaction to a common cojump; the 
approach is instead flexible enough to allow each currency to have its own sensitivity to a cojump index. Further, Jacob 
and Todorov (2007) develop a joint cojump test between two price series; this formal cojump test, however, is 
impractical in the current study which considers 13 foreign exchanges.  
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who investigate cojumps across a range of asset types such as equity, bond and currency, and link 

them to macroeconomic news announcements. 

To measure cojumps, a cojump index is first constructed by summing the number of 

currencies that display significant jumps on a particular day, with the cojump index being 

standardized to a number between zero (no jumps) and unity (all currencies jumping on the same 

day). A currency’s ‘cojump beta’ is then estimated as the concordance of each individual currency 

with the cojump index, where concordance is calculated as the proportion of days when the 

rounded value of the cojump index is the same as the indicator of whether the individual currency 

displays a significant jump on a particular day. Concordance is thus a measure of the tendency of 

an individual currency and the cojump index to either jump or to not jump together on a 

particular day, with each currency’s unique cojump sensitivity therefore being referred to as a 

‘cojump beta’. The ability to model each currency’s sensitivity to an overall cojump measure thus 

represents an important potential extension of the literature, especially for investors or companies 

concerned about customized hedging or diversification of their exposure to multi-asset jump risk.  

Emerging market currencies display a significantly stronger tendency to jump together and 

are thus found to have much higher cojump betas with the cojump index, in contrast to developed 

market currencies which tend to have idiosyncratic jumps that are not as well explained by the 

cojump index. Documentation of cojump concordance can therefore have important practical 

implications, since diversification and investment strategies that control the effects of extreme 

cojumps in emerging market currencies could be very important to regulators as well as risk 

managers. Somewhat surprisingly, there is no pronounced tendency of cojumps to be more 

common during crisis periods than otherwise, but there is a tendency of the reaction of all 

currencies to be unstable (there appears to be temporary changes in cojump betas) during crisis 

periods.  

The remainder of the paper is structured as follows. Section 2 outlines the BNS test used 

for identifying and disentangling discontinuous jump variation from continuous sample path 

variation, and develops currency market BNS measure hypotheses. Section 3 describes the data 
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while Section 4 discusses the empirical findings and hypothesis test results. Concluding remarks 

are given in Section 5. 

 

 

2. BNS Method and Hypotheses 

Currency jumps were first identified using coarse (interday) data in studies exploring the 

statistical properties of currency returns,2 but the use of high frequency tick by tick data has 

subsequently been crucial in characterizing the discontinuous sample path jump dynamics of 

currencies. High frequency data studies by Meddahi (2002) and Andersen et al. (2003a), amongst 

others, suggest that a realized volatility measure based on the summation of intraday squared 

returns converges to the true but unknown volatility of a continuous-time process. BNS (2004, 

2006) and Huang and Tauchen (2005) utilize the bipower variation measure to show that the 

realized volatility measure can, in turn, be decomposed into separate continuous and 

discontinuous (jump) components (see also Andersen et al., 2007, 2010a, 2010b; and Tauchen and 

Zhou, 2010). 

Under the assumption that jumps are rare and large, and that there is at most one jump 

per day, the bipower variation technique allows the econometrician to extract the realized jump 

variation and hence estimate the jump distribution (i.e. jump frequency, jump mean and jump 

volatility). The realized and bipower variation measures are described in detail as follows. Let the 

log-price of the exchange rate on trading day t, p(t), be governed by a continuous-time stochastic 

volatility model with an additive jump component:       

    

(1) 

 

                                                            
2 Jorion (1988), for example, finds the DEM exhibits systematic discontinuities even after controlling for conditional 
heteroscedasticity in the diffusive process, and Bates (1996) documents daily jump fears of a dollar crash against the 
DEM. 

,0),()()()()()(  ttdqttdWtdtttdp 
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where the drift μ(t) is continuous and locally bound, the instantaneous volatility σ(t) is strictly 

positive and càdlàg, W(t) is a standard Weiner process, dq(t) is a counting process with dq(t)=1 if 

there is a jump on trading day t and 0 otherwise, and κ(t) refers to the random jump size on 

trading day t if dq(t)=1. Empirical research utilizes discretely sampled returns; discrete-time 

intraday returns (scaled by 100) on trading day t are denoted as 

             

(2) 

 

where M is the number of equally spaced observations over the trading day. 

In the absence of jumps and under the assumption that μ(t) and σ(t) are independent of 

the Wiener process, the conditional distribution of r(t) is 

 

            (3) 

 

Andersen et al. (2007) show that the integrated drift term exerts a negligible impact when the 

analysis is based on high-frequency data. 3 The integrated drift term is therefore ignored and the 

focus is on the integrated volatility (variance) term . Integrated volatility is closely 

related to quadratic variation QV(t); from equation (1), after imposing μ(t)=0, 

 

        ,    (4) 

 

where N(t) refers to the Poisson counting process over trading day t. That is, quadratic variation 

is defined as the integrated volatility plus the sum of squared jumps that occur during trading day 

t. 

                                                            
3 Furthermore, the drift is usually so small that it can be ignored in practice. 
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 The components of equation (4) are not directly observable. Instead, following, among 

others, Andersen et al. (2003a) and Koopman et al. (2005), nonparametric daily realized volatility 

or realized variation )(tRV  is defined using intraday squared returns as 

 

        .    (5) 

 

By the theory of quadratic variation, the realized volatility converges uniformly in probability to 

the increment of the quadratic variation process as M → ∞ (e.g., Meddahi, 2002; and Andersen et 

al., 2003a). That is, the realized volatility estimator includes the contributions of the continuous 

sample path variation in the form of integrated volatility as well as the discontinuous jump 

components. 

 Related to the quadratic variation process is the bipower variation process. In a series of 

papers, BNS (2004, 2006) show that the bipower variation estimator can be used to disentangle 

the two separate (continuous and discontinuous) components on the right-hand side of equation 

(4). In particular, BNS (2004, 2006) show that, even in the presence of jumps, the bipower 

variation )(tBV converges to the integrated volatility )(tIV  for M → ∞: 

 

         .   (6) 

 

Ideally, the precision of the bipower variation estimate is improved as M → ∞. This comes at a 

cost, however, in the sense that the bipower variation estimate will be swamped with market 

microstructure noise (e.g., bid-ask bounce and price discreteness), resulting in spurious first-order 

serial correlation between two adjacent observed returns. To overcome this problem, Huang and 

Tauchen (2005) suggest using staggered, or skipped-one, observed returns in the bipower variation 

estimate: 
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where 	 2/  and the normalization factor in front of the summation term in equation (7) is 

to correct for the loss of the first two observed returns due to the staggering process. Combining 

the results in equations (4) to (7), it follows that the discontinuous jump component )(tJ  of the 

increment to the quadratic variation can be consistently estimated as 

 

         .   (8) 

 

The asymptotic distributional theory developed in BNS (2004, 2006), coupled with 

extensive Monte-Carlo simulation exercises performed by Huang and Tauchen (2005), imply that 

the test statistic )(tZ ,4 given by 

 

         ,    

(9) 

 

 

 

follows a standard normal distribution under the null hypothesis of no jumps, where 

 

             

(10) 

  

 

with / 2 / Γ 7/6 Γ 1/2 . Equation (9) serves as a test statistic for the presence of 

‘significant’ jump on trading day t. The occurrence of a ‘significant’ jump on day t, I(t), can then 

be identified as 

 
                                                            
4 The ratio statistic  is favored by Andersen et al. (2007, 2010b), Chan et al. (2008), Tauchen and 

Zhou (2010), and Evans (2011) in their respective analyses. 
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    I(t) = 1 if Z(t) > Фα and 0 otherwise,    (11) 

 

where Фα refers to the inverse of the standard normal distribution with a critical value of α. 

Clearly, the significant jump detection test hinges on choosing the appropriate level of α. This 

study follows Chan et al. (2008) and Andersen et al. (2010a, 2010b) and relies on α = 0.99. 

Sensitivity of the results to a more stringent choice of α is also examined (α = 0.999), as suggested 

when jump contribution is high (Tauchen and Zhou, 2010), with the results (available upon 

request) remaining qualitatively and quantitatively unchanged. Significant jump variation JV(t) is 

then defined as 

 

    JV(t) = I(t)[RV(t) – BV(t)],     (12) 

 

and the continuous sample path variation CV(t) is given as 

 

    CV(t) = RV(t) – JV(t).      (13) 

 

A simple procedure is relied upon to deduce the sign of significant jumps (see also 

Andersen et al., 2010a; and Tauchen and Zhou, 2010). By assuming that there is at most one 

jump during trading day t, the sign for significant jumps can be defined using 

 

          ,  (14) 

 

where the sign indicator Ind(.) is equal to 1 or –1 depending upon the sign of the argument. The 

magnitude of the jumps in equation (14) is in standard deviation form. Intuitively, the sign in 

equation (14) depends on the largest (in absolute sense) intraday return conditioned upon the 

existence of a significant jump, i.e., I(t). Once   is identified, the jump intensity (λ, the 

proportion of days with significant jumps) and the jump mean (γ) as well as the jump standard 

deviation (δ) of  on days with significant jumps are estimated. The corresponding mean 

   )(,...,1,maxInd)( tJVMjtrtJVsign 
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γ* and standard deviation δ* of the absolute jump size (i.e., 	  ) on days with significant 

jumps are also computed to gauge the behavior of realized jumps over the sample period. These 

jump parameters are used to test a number of hypotheses, as outlined below. 

Significant jumps have been identified as being present on 10% to 20% of days for three of 

the most important developed market currencies (the DEM, EUR, and JPY), so the first 

hypothesis to be explored is whether all of the wide range of developed and emerging market 

currencies examined display significant jumps. This hypothesis is tested using the jump intensity 

parameter λ as follows: 

H1: λ > 0.1 for each currency examined, i.e., all currencies display significant jumps 

on at least 10% of days, where 10% is the minimum developed market benchmark 

(Andersen et al., 2007; Wright and Zhou, 2009; and Tauchen and Zhou, 2010). 

The second hypothesis directly relates to emerging versus developed market currency 

jumps. Bekaert and Harvey (1997) find that emerging market returns are more leptokurtic than 

developed market returns, indicating that it is likely that significant jumps occur more often in 

emerging markets than in developed markets, with potentially larger magnitudes and variability. 

This hypothesis is tested using the jump intensity parameter λ, the absolute jump mean γ*, and 

the absolute jump standard deviation δ*, as follows: 

H2: λ, γ*, and δ* are significantly higher for emerging market currencies. 

The third hypothesis concerns the likelihood that significant currency jumps will be more frequent 

and stronger during financial crises: 

H3: λ, γ*, and δ* are significantly higher during financial crises relative to non-

crises periods. 

Given that emerging market countries are likely to display jumps more often, it is also 

likely that emerging market currencies will frequently jump together (cojump) and will thus be 

concordant with a cojump index composed using all currencies. Alternatively, it is also possible 

that, because emerging markets tend to be less integrated than developed markets (Das and 

Uppal, 2004; and Bruner et al., 2008), emerging market currency jumps would then tend to be 



11 
 

idiosyncratic and will therefore not be concordant. These alternatives lead to the following 

hypothesis: 

H4.A (B): Emerging currency market jumps are significantly more (less) concordant 

with a cojump index than developed market currency jumps. 

Hypotheses H4 is tested using a concordance measure, as described in the Section 4.3. Results for 

all the hypotheses tests are outlined below, once the data sample used to test the hypotheses is 

introduced. 

 

 

3. Data 

An extensive 15 year sample (1996 to 2010) of tick by tick data for 13 major developed 

and emerging market currencies is utilized to test Hypotheses H1 to H4 using the BNS bipower 

variation measure. The high-frequency currency data set is extracted from Thompson Reuters and 

consists of recorded  bid and ask quotes for 13 foreign exchange rates: the Australian Dollar 

(AUD), Canadian Dollar (CAD), Swiss Franc (CHF), Euro (EUR), British Pound (GBP), Hong 

Kong Dollar (HKD), Indonesian Rupiah (IDR), Japanese Yen (JPY), Malaysian Ringgit (MYR), 

Philippine Peso (PHP), Thai Baht (THB), Singaporean Dollar (SGD) and Korean Won (WON). 

The bid and ask quotes are then averaged to obtain mid-quotes. All currencies are expressed as 

the foreign currency of a unit of the U.S. Dollar (USD). The AUD, CAD, CHF, EUR, GBP, HKD, 

JPY and SGD are defined as developed currency markets, as designated by Morgan Stanley 

Capital International (MSCI) as well as the Financial Times Stock Exchange Group (FTSE), with 

the remainder of the currencies, the IDR, MYR, PHP, THB, and WON, being designated as 

emerging market currencies (see also Bekaert and Harvey, 1997).5 Including the HKD in the 

sample could be especially informative, given that it is not freely floating, should it be found that 

the HKD nevertheless still displays significant jumps. 

                                                            
5 Bekaert and Harvey (1997) also use MSCI designations, available at www.msci.com/products/indices/. The FTSE 
designations are available at www.ftse.com/indices/. 
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 The full sample period spans January 1, 1996 to October 29, 2010, thus providing an 

extended 15 year sample, with the start date corresponding to the date when tick by tick data 

first becomes available for the sample currencies. To avoid confounding the findings by slower 

trading patterns over weekends (e.g., Bollerslev and Domowitz, 1993), all returns from Friday 

21:00 GMT through Sunday 21:00 GMT are excluded. In addition, fixed and irregular holidays 

specific to a particular market are also removed. For example, for the SGD, the fixed holidays are 

January 1st (New Year), May 1st (Labour Day), August 9th (Singapore National Day) and 

December 25th (Christmas Day) and the irregular holidays are Chinese New Year, Good Friday, 

Vesak Day, Hari Raya Puasa, Hari Raya Haji, and Deepavali, thus leaving 3,774 intact sample 

days for the SGD. To mitigate market microstructure effects, return outlier observations as well as 

mis-recorded price observations (for example, negative prices) are also omitted from the sample. 

 The empirical analysis relies on 30-minute returns that are based on the averaged mid-

quotes interpolated from tick by tick data, so the number of equally spaced return observations 

over the 24 hour trading day, M, is 48. The choice of sampling frequency is motivated by a 

collective of prior studies. Andersen et al. (2003a) note, for instance, that the use of equally-

spaced 30-minute currency returns strikes a satisfactory balance between quadratic variation 

theory asymptotic needs, on the one hand, and the confounding influences of microstructure 

frictions, on the other (see also Hansen and Lunde, 2006; and de Pooter et al., 2008). 

 

 

4. Empirical Results 

The first three currency jump hypotheses are examined and tested in Section 4.2, once the 

realized variation, continuous sample path variation, and realized jump variation of all the 

currencies are outlined in Section 4.1. Hypothesis 4, which explores the presence and relative 

importance of cojumps, is explored and tested in Section 4.3.  

 

4.1. Realized, Continuous, and Jump Variation Summary Statistics 



13 
 

Table 1 provides sample moments, including mean, standard deviation, skewness, and 

excess kurtosis, that summarize the unconditional distributions of daily realized variation (in 

standard deviation form), 	, as defined by equation (5), for all currencies over the full 

sample period as well as for various crisis periods. The first crisis sub-period is the ‘Asian flu’ 

that extended from June 1, 1997 to June 30, 1998, followed immediately by the 

LTCM/Russian/Brazilian crisis sub-period (July 1, 1998 to February 26, 1999), with the DotCom 

stock market bubble collapse being the third crisis sub-period (March 10, 2000 to October 9, 

2001), and the final crisis sub-period being the global credit crisis that spanned the time period 

February 1, 2007 through December 31, 2009.6 

 

< Insert Table 1 > 

 

Focusing first on the full sample period, Panel A of Table 1 indicates that there are 

considerable differences in the daily realized variation (  sample means, with the range 

being from a very low 0.029 for the HKD to 1.846 for the THB, with the overall average for the 

 means being 0.69 (see the third last column labelled ‘Average’ in Panel A). The low 

realized variation sample mean of the HKD is presumably attributable to management of the float 

of the HKD against the USD by the Hong Kong Monetary Authority (HKMA). The standard 

deviations of  also vary substantially across currencies. 

                                                            
6 The crisis period dates are chosen as follows. Forbes (2004) indicates the earliest stage of the ‘Asian flu’ commenced in 
June, 1997 when the Thai government reported that its stock of international reserves was grossly overstated. The 
Russian currency crisis started in August, 1998 when the government devalued the rouble and restructured its debt. In 
the aftermath of the Russian crisis, a series of events, including the New York Federal Reserve orchestrated bailout of 
LCTM on September 23, 1998, led to the Brazilian crisis that culminated in the floating of the Brazilian Real in 
January, 1999. 2000 to 2001 is commonly considered to be the DotCom bubble burst period, with the bursting of the 
bubble commencing immediately after the Nasdaq index reaching a peak on March 10, 2000; the stock markets 
thereafter fell steadily until reaching a bottom on October 9, 2001. February, 2007 is regarded as the beginning of the 
subprime crisis period when the Hong Kong and Shanghai Bank Corporation Ltd (HSBC) wrote down its holding of 
subprime rated mortgage backed securities by $10.5 billion on February 7, the first major subprime-related loss to be 
reported during the crisis. Not all currencies are included in every crisis period subsample. The EUR, for instance, was 
not launched until January 1, 1999, so it did not exist during the first crisis sub-period. The MYR currency is not 
included in the DotCom bubble burst sub-period because the Malaysian government imposed various capital control 
measures, including fixing the MYR against the USD, between September 2, 1998 and July 21, 2005.  
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The final two rows of Panel A of Table 1 provide evidence that the distributions of 

 are extremely right-skewed and fat-tailed, especially for the HKD, KRW, IDR, PHP and 

MYR. For instance, the HKD  has skewness and excess kurtosis estimates of nearly 16 and 

432, respectively. The daily realized variation estimate for the HKD peaks at 1.265 on October 23, 

1997 when the Hang Seng stock index plummeted sharply by 10.4% due to the Hong Kong market 

crash during the ‘Asian flu’ (see also Figure 1 below). Similarly, continuous international pressure 

for the revaluation of mainland China’s Renminbi caused the HKD to appreciate abruptly against 

the USD on September 22, 2003, resulting in an extremely high  = 0.870 on that day. 

Even if these  extreme values are excluded, the realized variation of the HKD is still very 

right-skewed and leptokurtic at 5.1 and 64.7, respectively (results not reported), a result that is 

likely due to the HKMA, despite its overall success, sometimes not being able to maintain a 

stringent HKD float when the HKD is under very strong pressure. 

It is interesting to compare the realized variation  across developed versus 

emerging markets as well as across the different crisis sub-periods. Not surprisingly, the emerging 

markets of IDR, KRW, MYR, PHP, and THB have high realized variation sample statistics. For 

instance, the first sample moment (the mean) of  for the emerging currency markets 

average out to 0.968 for the full sample period (see the last column of Panel A labelled 

‘Emerging’). This estimate is twice as high as the developed markets’ average of 0.516 for the full 

sample (see the second last column of Panel A labelled ‘Developed’), thus indicating that emerging 

currency markets are much more volatile than developed currency markets. Further evidence in 

support of this interpretation is the finding that all but one of the realized variation means for the 

emerging markets, the exception being the MYR (0.269 in Panel A), are higher than the 

developed market currency realized variation means (note also that the MYR would have a higher 

realized variation mean than developed market currencies if the seven years when it was fixed 

against the USD are not considered; see footnote 6). 

Figure 1 puts the  results in graphical perspective. Casual empiricism reveals that 

  of all the currencies tends to fluctuate more during the Asian, LTCM/Russian/Brazilian, 

and global credit crisis sub-periods. For example, the KRW exhibits extreme oscillations between 
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the end of 1997 and the beginning of 1998. This corresponds to the collapse of the KRW in 

November 1997 and the subsequent IMF financial bailout of South Korea between December 1997 

and January 1998. These graphical observations are borne out in Table 1 (see the column labelled 

‘Average’) which indicates the average for the realized variation means for all currencies are much 

higher during the ‘Asian flu’ sub-period (1.670 in Panel B) and are also higher during the 

LTCM/Russian/Brazilian and global credit crisis sub-periods (1.032 and 1.062 in Panels C and E, 

respectively; recall that the full sample average is 0.69 in Panel A).  

 

< Insert Figure 1 > 

 

Table 2 presents the menu of moments for the unconditional distributions of continuous 

sample path variation (in standard deviation form), . 7 Compared to   , the sample 

mean and standard deviations of  are lower across all the currencies in all periods. This 

provides a first indication that Hypothesis H1, the hypothesis that all currencies display 

significant jumps on at least 10% of days, will not be rejected. In other words, the high realized 

variation reported in Table 1 is associated with jumps in the underlying price process, as outlined 

in Section 2, whereas the continuous sample path variation would otherwise converge to the 

integrated volatility in the absence of jumps. The third and fourth moments of the unconditional 

distributions of  are similar to those reported in Table 1, i.e., they are extremely right-

skewed and leptokurtic. 

 

< Insert Table 2 > 

 

Summary results for realized jump variation, again in standard deviation form, , are 

presented in Table 3. The qualitative findings for  in Table 1 generally extend to the 

realized jump variation summary statistics reported in Table 3. For instance, the first sample 

                                                            
7 Recall that CV(t) is RV(t) with the significant jump components removed, as defined by equation (13). Note also that 
the plots of  	 are very similar to those of   and are thus not presented to save space. 
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moment for 	 is on average almost ten times higher for emerging than developed currency 

markets over the full sample period (0.513 versus 0.061, as reported in the final two columns of 

Panel A), thus providing an initial indication that Hypothesis H2, the hypothesis that there are 

more emerging market jumps, is  unlikely to be rejected. Table 3 also adds further evidence that 

Hypothesis H1 is unlikely to be rejected, since Table 3 indicates that significant realized jumps are 

present for all currencies during all sample periods (albeit with a very low realized jump variation 

mean for the HKD of only 0.01 for the full sample, as reported in the first row of Panel A).  

 

< Insert Table 3 > 

 

Table 3 also provides initial insights with respect to Hypothesis H3, the hypothesis that 

jump magnitude will be higher during crisis periods. Unexpectedly, there is no strong pattern 

throughout Table 3 with respect to crisis periods for the realized jump variation of developed 

market currencies since, although the average for developed markets is elevated during the first 

two financial crises relative to the full sample mean (0.084 and 0.099 in the ‘Developed’ column of 

Panels B and C, respectively, versus 0.061 in Panel A), it is actually lower in the global credit 

crisis (0.053 in Panel E). A pattern in Table 3 is sharply apparent for emerging market currencies 

(compare Panels B to E with Panel A), however, since the average 	 for emerging markets 

is more than four times as high during crisis periods relative to non-crisis periods (0.917, the time-

weighted average of the crisis periods in Panels B to E, versus 0.220 for non-crisis periods). The 

Table 3 emerging market results therefore indicate that emerging market currencies are likely to 

provide strong support for Hypothesis H3, a possibility that is reinforced by individual country 

observations. 

Table 3 reveals, interestingly, that the mean of  for the IDR is actually higher 

during the LTCM/Russian/Brazilian crisis than during the ‘Asian flu’ crisis. This is likely due to 

the ongoing effects of runaway inflation and banking sector failures, problems that had their origin 

in the ‘Asian flu’ sub-period but subsequently intensified, thus causing the IDR mean of   

to be roughly four times as high during these two crises than the full sample mean (1.851 and 
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2.102 in Panels B and C of Table 3, respectively, versus 0.538 in Panel A). Another interesting 

finding pertains to the THB. Table 3 shows that the first sample moment of its realized jump 

variation  is almost twice as high during the global credit crisis (a relatively extreme 3.812 

in Panel E) than during the ‘Asian flu’ crisis (a still relatively extreme 1.997 in Panel B). 

Additional support for this finding is provided in the last panel of Figure 2, which plots the 

dynamics of   for the THB. Notice from the plot that some of the largest jumps in the THB 

occurred in the 2007–2009 global credit crisis sub-period. In fact, the realized jump variation for 

the THB peaked on July 19, 2007 (  = 26.10), corresponding to the period when the THB 

appreciated sharply relative to the USD due to substantial foreign capital inflows. On the other 

hand, during the ‘Asian flu’, the THB  peak was only 23.25 on June 18, 1997. In other 

words, local factors in a financial crisis are not always the major contributor per se in generating 

discontinuous jumps in a country’s currency, at least in the case of the THB. Instead, unexpected 

follow-on contagion-type effects as well as macroeconomic announcements can also potentially 

induce jumps; Goodhart et al. (1993) and Andersen et al. (2003b), for example, examine high-

frequency exchange rates and conclude that macroeconomic announcement surprises produce 

exchange-rate jumps. 

 

< Insert Figure 2 > 

 

 

4.2. Currency Jump Hypotheses Test Results 

Of particular interest are the estimates for the jump parameters (λ, γ, δ, γ*, δ*), reported in 

Table 4, since these results formally test the currency jump hypotheses H1 to H3. Results for the 

jump intensity parameter λ, which represents the proportion of days with significant jumps, 

indicate that all currencies in the sample display statistically significant jumps (see the first row of 

each Panel). The GBP has the lowest jump intensity, with significant jumps occurring on only 

13.4% of days in the full sample (see Panel A). The other developed market currencies have jump 

intensities that are all consistently within a tight range just above the GBP jump intensity 
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estimate, other than the HKD (λ = 0.486 in Table 4 Panel A) and the SGD (λ = 0.270).8 All the 

emerging market currencies have very high jump intensities, ranging from 51% for the THB to 

69.7% for the KRW, so the Table 4 results are very strongly consistent with Hypothesis H1, the 

hypothesis that all the currencies examined display significant jumps with an intensity that is at 

least as strong as the prior research minimum benchmark of 10%. This study’s extensive support 

for Hypothesis H1, both in terms of breadth of currencies and length of sample period, is 

important in further establishing the economic importance of currency jumps. 

 

< Insert Table 4 > 

 

Looking at the mean duration between jumps, the full sample range implied by Table 4 is 

from a low of   = 1.3 trading days (PHP) to a high of 7.5 trading days (GBP), with an average 

of 2.9 trading days across all the currencies. The full sample mean durations between significant 

jumps for developed and emerging market currencies are, on average, 4.7 days and 1.8 days, 

respectively, since λ = 0.566 for emerging markets and λ = 0.211 for developed markets in Panel 

A. In other words, emerging currency markets tend to jump almost three times more frequently 

than developed currency markets, suggesting important additional insights can be obtained by 

examining, in particular, emerging currency markets. This result contrasts sharply with the stock 

market findings of Das and Uppal (2004) using coarser frequency, monthly data. They find that 

emerging stock markets tend to jump less frequently than developed stock markets, thus perhaps 

reflecting the drawbacks of using very low frequency data, rather than high frequency (intraday) 

data, to detect jumps in security market prices (see also Jorion, 1988; and Eraker et al., 2003). 

To establish whether the difference in emerging versus developed currency market jump 

intensity is statistically significant, an Ordinary Least Squares (OLS) regression test is employed 

in Table 4 that utilizes an emerging market dummy explanatory variable, iDE , which equals 1 if 

currency i is from an emerging market and zero otherwise (see the final column labelled 

                                                            
8 The HKD and SGD are somewhat special cases since their classification as developed markets has been relatively 
recent (see, e.g., Bekaert and Harvey, 1997). 
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‘Significance’). The Table 4 test for emerging versus developed currency market parameter value 

differences is  

   

(15) 

 

where Pari is the estimated parameter value for each currency i (i = 1,…13),   is a constant,   

is the emerging market dummy variable ( iDE ) regression coefficient, and i  is the regression 

error. The ‘Significance’ column in Table 4 indicates whether the estimated coefficient  is 

significantly different from zero. Regression equation (15), when applied to the estimated jump 

intensity parameter value for each of the 13 currencies examined (Pari = λi), reveals that  is 

significant at the 1% level in the full sample and is also significant in each subsample, thus 

strongly supporting Hypothesis H2, since emerging market currencies display more frequent 

jumps. 

 The other parameter estimates in Table 4 reflect jump magnitude and variability. The 

jump mean γ is relatively negligible, implying positive and negative jumps for each currency tend 

to offset each other, as would be expected since otherwise jumps would contribute to a strong 

appreciation or depreciation trend over time. The absolute jump mean γ*, in contrast, displays 

sharp distinctions. The Table 4 Panel A estimates for absolute jump amplitude mean on days with 

significant jumps are 0.359 and 0.904, respectively, for developed and emerging currency markets, 

a difference that is statistically significant when tested using OLS regression equation (15), as 

revealed by the ‘Significance’ column in Table 4.9 Panel A further reveals that the jump standard 

deviation (δ) for emerging currency markets is estimated at 1.909, on average; in contrast, the 

average δ for developed currency markets is much lower at 0.423, with the difference again being 

statistically significant when tested using OLS regression equation (15).10 A similar conclusion is 

reached for the standard deviation estimate of absolute jumps, i.e. δ*. In summary, all of the 

results in Table 4 are strongly consistent with Hypothesis H2, the hypothesis that significant 

                                                            
9 Pari = γi* when OLS regression equation (15) is applied to the absolute jump mean. 
10 Pari = δi when OLS regression equation (15) is applied to the jump standard deviation. 

,iii DEPar  
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jumps occur more frequently and with greater severity in emerging currency markets relative to 

developed currency markets. 

Another important issue concerns the relative jump contribution to realized variation 

(where relative jump contribution is defined as sum( )/sum( ) on days when 

significant jumps are detected). The final row of each panel of Table 4 reports the results. The 

relative jump contribution ranges from 9.04% (GBP) to 66.65% (PHP) across the full sample. In 

terms of developing versus emerging currency markets, the former have an average jump 

contribution of only about 15%, consistent with prior studies, while the latter’s average jump 

contribution is much higher at slightly over 50%, thus representing an important new result, since 

prior literature looks at developed market jump contribution (e.g., Huang and Tauchen, 2005; and 

Tauchen and Zhou, 2010). In other words, on days identified as having a significant jump, about a 

half (15%) of the return variation in emerging (developed) currency markets is attributed to 

jumps. This finding with respect to jump contribution provides additional support for Hypothesis 

H2 since jumps contribute a majority of most emerging market currency volatility on days when 

significant jumps occur, thus implying that emerging market currency jumps are fairly severe and 

relatively important, in sharp contrast to the relative severity of developed market jumps.11 Notice 

also that there tends to be a positive relationship between estimated jump duration and relative 

jump contribution in the currency data. This is in stark contrast to the stock market findings of 

Andersen et al. (2010a) where there is a negative association between jump duration and relative 

jump contribution in their stock price dataset. 

Figure 3 presents plots of the signed jump variation, , that graphically support 

and aid the interpretation of Hypotheses H1 and H2. The plots reveal some intriguing jump 

dynamics. The AUD, CAD, CHF, EUR, GBP, and JPY developed market currencies tend to 

jump within a constant and small jump size band. Significant jumps in these currencies have 

typical jump sizes between -1% and 1%. In stark contrast, the THB has very wide jump size 

                                                            
11 Tests for differences between European and Asian currency market jumps provide essentially the same findings as the 
tests for developed versus emerging currency market differences (results not reported), as might be expected since all of 
the emerging market currencies in the study are Asian currencies, whereas all of the European currencies are developed 
market currencies.  
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bands during crises at the beginning and at the end of the sample. Other emerging market 

currencies such as the IDR and PHP have much wider jump size bands in the first half of the 

sample period, with the jump size bands tightening somewhat in the second half of the sample 

period, thus suggesting a closer analysis of the crisis sub-periods (see Panels B to E in Table 4).  

 

< Insert Figure 3 > 

 

Very surprisingly, developed market currency jumps fell sharply during the 2007-2009 

global credit crisis, jumping, on average, once every 7.2 trading days only during the credit crisis 

compared to once every 3.5 or 4 trading days in other crisis periods, and an average of once every 

five trading days overall. During the global credit crisis, there was a consistent flight to the 

perceived safety of the USD, so it is possible that this steady pattern dampened developed market 

currency jumps. On the other hand, the mean duration between jumps for emerging currency 

markets are consistently estimated at around 1.7 trading days across all the crisis periods. The 

average jump intensity for all currencies is actually the same in crisis as non-crisis periods (λ = 

0.346 in Panels F and G of Table 4), thus providing no support for Hypothesis H3 with respect to 

jump intensity being higher in crisis versus non-crisis periods. Comparison of Panel F with Panel 

G does reveal, however, that absolute jump mean (γ*) and absolute jump standard deviation (δ*) 

are much higher in crises periods than otherwise, especially for emerging market currencies. This 

contrasting result implies that, although jumps are not more frequent in crises, they do appear to 

be much more severe, an aspect of Hypothesis H3 that is further tested in Table 5. 

 

< Insert Table 5 > 

 

Table 5 utilizes a crisis period dummy explanatory variable, tDC , that equals 1 if day t is 

during a crisis period and 0 otherwise, to test whether each currency’s jump characteristics are 

significantly different during crisis periods. The jump occurrence test for crisis differences employs 

the time series probit model   
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(16) 

 

where P denotes probability, )(tIi  is a binary dependent variable equal to 1 if currency i 

experiences a significant jump on day t and 0 otherwise (see equation (11)), N is the cumulative 

standard normal distribution function,  is a constant, and β is the crisis period dummy variable 

regression coefficient. The row labelled ‘0/1 jump occurrence’ in Table 5 provides the estimated 

crisis period dummy coefficient β for each currency, with the asterisk(s) beside the coefficient 

estimates indicating whether the coefficients significantly differ from zero. Somewhat 

unexpectedly, but consistent with the prior interpretation of Table 4, Table 5 indicates the crisis 

period dummy variable has no significant explanatory power (i.e., with at least 5% significance 

level) as to whether 12 of the 13 currencies will experience a jump on a particular day (with the 

lone exception being the PHP). 

Absolute jump size is revealed to be considerably higher during crisis periods for 12 of the 

13 currencies, however, when examined using the OLS regression model equivalent of probit 

regression model (16) (see the row labelled “Absolute jump size” in Table 5).12 The crisis period 

dummy variable coefficient estimates are also revealed to be considerably higher for emerging 

market currencies relative to developed market currencies. The THB dummy variable coefficient 

estimate, for instance, is remarkably high (in excess of 4) relative to those for all other currencies 

(more than four times the next highest coefficient estimate for the IDR), a result that is consistent 

with prior observations concerning the Figure 3 jump size bands. Overall, the Table 5 test results 

reject Hypothesis H3 with respect to jump intensity being higher during crises, but are consistent 

with (strongly support) Hypothesis H3 with respect to the magnitude of jumps being much more 

severe in crises, especially for emerging markets. 

Interestingly, jumps contribute significantly to a positive trend during crisis periods for 

only one currency, the CHF, presumably due to its status as a “safe-haven” currency, whereas 
                                                            
12 The OLS regression equation equivalent of probit regression equation (16) for absolute jump size is , 	   = α 
+ βDCt ti , . 

),()1)(( tti DCNDCtIP  
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downward jumps marginally contributed to an overall THB downtrend during crises, with the 

non-absolute value of currency jumps otherwise being insignificantly explained by crises (see the 

“jump size -/+” row of Table 5).13 Thus, Table 5 indicates that currency jumps tend to occur in 

both directions for most currencies, even during crises. A further important question is whether 

currencies tend to jump together, especially during crises, as examined immediately below. 

 

4.3. Currency Cojump Hypothesis Test Results 

To examine whether currencies jump together, a cojump index is first created using the 

univariate estimates of whether each currency displays a significant jump on a particular day, I(t), 

as defined by equation (11). An alternative approach would be to directly estimate a cojump 

indicator using multivariate estimation, but a restriction associated with the multivariate 

estimation approach is the implicit assumption that all securities are equally affected by the 

common cojump when a cojump occurs, an assumption that is sharply at odds with  results for 

developed market currencies, as will become apparent below.14 By allowing each currency to have 

its own sensitivity to the cojump index, the concept of a cojump beta can be introduced, a 

consideration which has important short-term risk analysis and risk management implications, 

especially with respect to emerging market currencies. 

To construct the trading day currency cojump index, CJ(t), the day t jump indicator Ii(t) 

for each currency i is first summed, and the resulting sum is then normalized to a number between 

0 and 1 by dividing the sum by the number of currencies (with CJ(t) = 0 being the minimum day 

t cojump index value when no cojumps occur and CJ(t) = 1 being the maximum value when all 

currencies jump together on day t). Panel A of Table 6 provides summary statistics for the 

currency cojump index CJ(t). Panel A indicates that there are surprisingly few days when no 

currencies display a significant jump (0.32% in the full sample, as indicated by the ‘% zero’ 

column), and no days when all currencies jump together (see the column labelled ‘Max’), with the 
                                                            
13 The OLS regression equation equivalent of probit regression equation (16) for non-absolute jump size is , 	 = 
α + βDCt ti , . 
14 The univariate approach has been shown to underestimate the presence of cojumps (Bollerslev et al., 2008). This issue 
will be discussed further in the conclusion. 
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full sample mean and median cojump index CJ(t) values being 0.3399  and 0.3077, respectively. 

Cojumps are also found to display positive serial correlations (=0.0570 and =0.0844 in the 

full sample), thus implying that cojumps are more likely when one has already occurred. The full 

sample CJ(t) autocorrelation results might suggest that cojumps are more likely to occur (cluster 

together) during crises, but the crisis period summary statistics in Table 6 Panel A do not support 

this interpretation.  

 

< Insert Table 6 > 

 

A measure of concordance of each currency’s jumps with the cojump index CJ(t) is 

estimated to determine the sensitivity of each currency to the cojump index. Concordance 

measures the proportion of days when the cojump index CJ(t), when rounded up to unity or down 

to zero, is identical to the jump indicator Ii(t) for a particular currency i (i.e., concordance is the 

number of days where the classifications are the same divided by the total number of days in the 

sample). For the concordance measure, the cojump index CJ(t) value is rounded up to unity when 

CJ(t) exceeds its median value, and rounded down to zero otherwise, to account for the average 

CJ(t) value being considerably less than a half. Panel B of Table 6 indicates that emerging market 

currencies are all fairly highly concordant, with four out of five emerging market currencies having 

concordance values in excess of 0.6 in the full sample. All of the “traditional” developed market 

currencies (i.e., excluding the HKD and SGD) have full sample concordance scores of 0.45 or less, 

thus implying that developed market currencies have jumps that are somewhat more 

idiosyncratic.15 The difference between emerging and developed market currency concordance 

measures is highly statistically significant, as indicated by the final Table 6 Panel B column 

labelled ‘Significance’, thus providing strong support for Hypothesis H4.A, since emerging market 

                                                            
15 Note the average concordance would equal 0.5 for two independent random binary series with means of 0.5, so 
developed market concordance is low. 
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currencies tend to jump together more often (i.e., are more concordant) than developed market 

currencies.16 

Further analysis (results not reported) reveals that concordance between developed market 

currency jumps and the cojump index CJ(t) can be increased by raising the rounding value above 

which CJ(t) is rounded up to unity when estimating the concordance measure (recall that the 

median is used for rounding in Table 6, Panel B). The first row of Table 4 Panel A can be used to 

help explain this finding. It reveals that developed currency markets tend to display significant 

jumps on only 21% of days, on average; since the cojump index CJ(t) is not highly concordant 

with developed market currency jumps, a “no-jumps” prediction would therefore be the best way 

to explain developed market currency jumps. This reinforces the observation that developed 

market currency jumps tend to be idiosyncratic, and also implies that the cojump index CJ(t) is 

useful for, and only for, explaining emerging market currency jumps.17      

From an investor’s or a corporation’s point of view, jumps in currencies per se might not 

be important if the investor or corporation is long (or short) a number of currencies; an investor 

with long (short) currency positions is adversely affected by negative (positive) jumps only, so 

from a risk point of view is only concerned with negative (positive) currency jump concordance. 

The cojump index CJ(t) can therefore be modified using the indicator, Ind(.), of whether a 

positive or negative jump occurs on day t (see equation (14)), where Ind(.) for currency i is equal 

to 1 or –1 depending upon whether currency i has a negative or positive jump on day t. To 

construct a positive (negative) currency cojump index for day t, +CJ(t) (-CJ(t)), the day t 

positive/negative jump indicator Ind(.) for each currency i is first summed based on whether a 

positive (negative) jump occurs, and the resulting sum is then normalized to a number between 

zero and one by dividing the sum by the number of currencies. Again, +CJ(t) = 0 is the 

minimum day t positive cojump index value when no positive cojumps occur and +CJ(t) = 1 is 

                                                            
16 OLS regression equation (15) is used to test for emerging market differences in Panel B of Table 6, with the 
significance results being reported in the final column. 
17 Concordance between emerging market currency jumps and the cojump index CJ(t) falls, not rises, when the rounding 
value above which CJ(t) is rounded up to unity is increased, thus supporting this interpretation. 
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the maximum value of the index when all currencies have positive jumps together on day t; the 

range for the negative cojumps index -CJ(t) value is also zero to one. 

Panel A of Tables 7 and 8 provides summary statistics for the positive and negative 

currency cojump index, +CJ(t) and -CJ(t), respectively. There are, again, surprisingly few days 

when either the positive or the negative cojump index has a zero value (roughly 10% each). The 

medians for each index are reduced accordingly, relative to the overall cojump index CJ(t), since 

each jump is now divided into one or the other of the two indices (both medians are 0.1538). Once 

again, also, both cojump indices display positive first order serial correlation (including within the 

crisis sub-periods).  

 

< Insert Tables 7 and 8 here > 

 

Panel B in Tables 7 and 8, which reports concordance results, follows a similar pattern to 

Table 6 Panel B. All of the “traditional” developed market currencies are again somewhat 

idiosyncratic, having full sample positive and negative cojump concordance measures less than 

0.45, whereas four out of five emerging market full sample concordance measures exceed 0.5. The 

emerging versus developed market concordance difference is once again highly statistically 

significant, thus providing further evidence in support of Hypothesis H4.A. Interestingly, the 

positive and the negative cojump concordance measures for developed and emerging market 

currencies all move up sharply during some of the crisis periods, with developed market 

concordance surging in the LTCM/Russian/Brazilian and DotCom crises, and emerging market 

concordance surging in the LTCM/Russian/Brazilian, DotCom and global credit crises.  

The Table 7 and 8 results can be interpreted by introducing the concept of “cojump beta”, 

defined as the sensitivity of an individual currency to the cojump index, as measured by cojump 

concordance, thus capturing the tendency of an individual currency and the cojump index to 

either jump or to not jump together, in the same direction, on a particular day. Investors and 

corporations who are long (short) currencies are generally only concerned if all their currencies 

jump downwards (upwards) together on a particular day, so they will be specifically concerned 
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with the negative (positive) cojump beta findings reported in Panel B of Table 8 (Table 7). Tables 

7 and 8 indicate that emerging market currency cojump betas are all relatively high no matter the 

direction of currency jumps, whereas developed market currency jumps are essentially 

idiosyncratic, except during some of the crisis periods when all currency jumps are more 

concordant, a feature that can be interpreted as a temporary cojump beta increase. 

As mentioned above, the cojump concordance measure, as interpreted as a cojump beta, 

captures the tendency of currencies to jump or not jump together, in a particular direction. The 

magnitude of the currency jump, when a currency jump does occur, could also be incorporated 

into the cojump beta concept, using the Table 4 absolute jump size parameter estimates, in order 

to facilitate risk management decisions with respect to currency jump risk, since the larger is a 

currency jump in magnitude then the greater the risk it represents. Incorporating each currency’s 

jump magnitude, in addition to the direction of the currency jump, into the cojump beta measure 

can thus extend the modelling of individual jump sensitivities of each currency.  

 

 

5. Concluding Remarks 

Jumps are a statistically and economically important feature of a wide range of developed 

and emerging market currencies. In fact, emerging market currencies tend to display significant 

jumps on a majority of days. The magnitude of currency jumps is also much greater for emerging 

markets relative to developed markets, with emerging market currency jumps contributing a 

majority of realized variation on days when a currency jump does occur. Currency markets do not 

tend to display significant jumps more frequently during crises periods, but the magnitude of 

currency jumps is much more severe during crises, especially for emerging market currencies. 

Developed market currencies do not tend to jump together and are essentially 

idiosyncratic, a finding that represents good news for investors and corporations concerned about 

short-term developed market currency risk. Emerging market currencies are, however, concordant 

with a cojump index constructed from all currencies, thus representing a short-term risk to 
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investors and corporations with either long or short emerging market currency exposures. The 

concept of cojump beta is therefore introduced, measuring the tendency of emerging market 

currencies to jump together, and in the same direction, and thus representing the sensitivity of 

each individual currency to a cojump index. To further refine the cojump beta measure, the 

magnitude of a currency’s jumps, when a common jump occurs, could also be incorporated into 

the cojump beta concept.  

The cojump beta concept could be especially important in stock market and other security 

market applications where investors are especially concerned about short-term, non-diversifiable 

downside risk, with a “downside cojump beta” measure representing the sensitivity of a stock to 

downward jumps in a stock market cojump index. Retaining the flexibility to model the individual 

sensitivity of each individual security to a common cojump index, while incorporating the benefits 

of a multivariate cojump detection approach, could therefore be an important future extensions; 

perhaps along the lines of Das and Uppal (2004) correlated stock price jump diffusion model, but 

utilizing tick by tick data to detect significant jumps, thus capturing the important features of 

each approach.  
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Table 1: Summary Statistics for Realized Variation  

This table presents statistics that summarize the unconditional distributions of daily realized variation  for all the currencies over the 1996-2010 full sample 
period (Panel A) and over the sub-sample periods of the 1997 ‘Asian flu’ crisis (Panel B), the 1998 LTCM/Russian/Brazilian crisis (Panel B), the 2000-2001 DotCom 
bubble burst (Panel D) and the 2007-2009 global credit crisis (Panel E). The statistics presented in the column labelled ‘Average’ are the average of the respective 
sample moments of all 13 currencies, while the statistics in the columns labelled ‘Developed’ (‘Emerging’) are the average of the respective sample moments of the 8 
developed (5 emerging) market currencies. 
 

AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB Average Developed Emerging

Panel A: Full sample period - January 1, 1996 to October 26, 2010 
Mean 0.756 0.510 0.652 0.619 0.549 0.029 1.334 0.657 0.676 0.269 0.715 0.353 1.846 0.690 0.516 0.968 
Std. dev. 0.419 0.286 0.242 0.253 0.255 0.037 2.547 0.321 1.046 0.581 0.952 0.262 4.489 0.899 0.259 1.923 
Skewness 3.703 2.020 1.850 1.803 2.741 15.654 5.303 3.485 8.455 4.867 4.996 4.399 3.533 4.831 4.457 5.431 
Excess kurtosis 27.917 7.945 9.337 6.411 12.672 432.409 38.695 30.563 133.245 33.272 39.123 30.045 13.034 62.667 69.662 51.474 

                

Panel B : Asian flu - June 1, 1997 to June 30, 1998 
Mean 0.746 0.289 0.625 - 0.534 0.046 5.818 0.771 1.545 1.685 2.449 0.782 4.745 1.670 0.542 3.248 
Std. dev. 0.316 0.124 0.250 - 0.183 0.080 6.371 0.313 2.670 1.207 2.215 0.501 4.453 1.557 0.253 3.383 
Skewness 1.765 1.620 3.294 - 1.094 13.318 1.714 1.910 4.745 1.101 1.906 1.622 1.958 3.004 3.517 2.285 
Excess kurtosis 8.054 5.212 25.439 - 4.277 201.922 2.863 6.841 32.282 1.253 5.260 3.803 3.921 25.094 36.507 9.116 

                

Panel C : LTCM/Russian/Brazilian crisis - July 1, 1998 to February 26, 1999 
Mean 0.892 0.475 0.734 0.617 0.509 0.036 4.961 1.121 0.905 0.404 1.034 0.715 1.017 1.032 0.637 1.664 
Std. dev. 0.333 0.267 0.315 0.220 0.202 0.028 2.897 0.612 0.755 0.890 0.849 0.538 1.180 0.699 0.314 1.314 
Skewness 1.795 2.338 1.812 1.814 2.886 2.496 1.499 3.878 2.148 4.629 2.349 2.464 5.227 2.718 2.435 3.171 
Excess kurtosis 7.152 9.659 8.657 0.834 21.363 8.202 3.191 25.607 7.087 34.887 5.972 7.473 34.259 13.411 11.118 17.079 

                

Panel D : DotCom bubble burst - March 10, 2000 to October 9, 2001 
Mean 0.871 0.356 0.727 0.753 0.539 0.016 1.401 0.611 0.668 - 0.785 0.270 0.425 0.618 0.518 0.820 
Std. dev. 0.280 0.104 0.220 0.238 0.145 0.011 1.147 0.205 1.116 - 0.804 0.097 0.153 0.377 0.162 0.805 
Skewness 1.325 0.710 0.942 1.901 0.350 2.557 2.787 1.902 4.821 - 3.470 1.376 0.778 1.910 1.383 2.964 
Excess kurtosis 3.277 1.355 2.264 10.390 0.307 8.461 10.521 7.459 25.151 - 21.577 3.623 0.590 7.915 4.642 14.460 

                

Panel E : Global credit crisis -  February 1, 2007 to December 31, 2009 
Mean 1.042 0.813 0.704 0.648 0.721 0.035 0.594 0.762 0.927 0.352 0.881 0.369 5.956 1.062 0.637 1.742 
Std. dev. 0.689 0.369 0.319 0.351 0.421 0.025 0.769 0.381 1.055 0.187 0.450 0.170 8.128 1.024 0.341 2.118 
Skewness 2.672 1.652 1.779 1.570 1.597 1.666 4.340 2.153 3.044 1.294 1.440 1.692 1.141 2.003 1.848 2.252 
Excess kurtosis 12.196 4.911 6.516 3.067 3.069 3.614 26.785 8.088 12.609 5.075 3.663 4.353 0.199 7.242 5.727 9.666 
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Table 2: Summary Statistics for Continuous Sample Path Variation  

This table presents statistics that summarize the unconditional distributions of daily continuous sample path variation   for all the currencies over the 1996-
2010 full sample period (Panel A) and over the sub-sample periods of the 1997 ‘Asian flu’ crisis (Panel B), the 1998 LTCM/Russian/Brazilian crisis (Panel B), the 
2000-2001 DotCom bubble burst (Panel D) and the 2007-2009 global credit crisis (Panel E). The statistics presented in the column labelled ‘Average’ are the average 
of the respective sample moments of all 13 currencies, while the statistics in the columns labelled ‘Developed’ (‘Emerging’) are the average of the respective sample 
moments of the 8 developed (5 emerging) market currencies. 
 

 AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB Average Developed Emerging

Panel A: Full sample period - January 1, 1996 to October 26, 2010 
Mean 0.726 0.490 0.624 0.591 0.530 0.025 1.060 0.628 0.399 0.228 0.437 0.321 1.176 0.557 0.492 0.660 

Std. dev. 0.409 0.281 0.225 0.240 0.248 0.032 2.254 0.302 0.652 0.509 0.652 0.209 3.190 0.708 0.243 1.451 

Skewness 3.772 2.025 1.684 1.857 2.766 18.664 6.155 3.610 8.867 5.009 6.376 3.534 5.159 5.344 4.739 6.313 

Excess kurtosis 29.284 7.891 9.530 7.254 12.829 628.773 53.354 35.705 147.074 34.369 68.508 21.884 32.219 83.744 94.144 67.105 

                 
Panel B : Asian flu - June 1, 1997 to June 30, 1998 
Mean 0.702 0.263 0.595 - 0.512 0.036 4.973 0.738 1.033 1.479 1.515 0.661 3.739 1.250 0.438 2.547 
Std. dev. 0.286 0.106 0.227 - 0.172 0.079 5.885 0.291 1.743 1.087 1.612 0.372 3.599 1.189 0.192 2.785 
Skewness 1.094 1.220 3.855 - 1.001 13.886 2.028 1.491 4.309 1.275 2.595 1.129 2.144 2.771 2.959 2.470 
Excess kurtosis 3.520 3.787 38.189 - 5.455 213.623 4.695 5.403 28.011 2.135 11.180 2.081 4.653 24.826 34.007 10.135 
                 
Panel C : LTCM/Russian/Brazilian crisis - July 1, 1998 to February 26, 1999 
Mean 0.86 0.454 0.707 0.574 0.488 0.028 3.993 1.068 0.619 0.325 0.647 0.587 0.739 0.853 0.596 1.265 

Std. dev. 0.332 0.261 0.314 0.163 0.178 0.024 2.632 0.579 0.502 0.712 0.589 0.400 0.499 0.553 0.281 0.987 

Skewness 1.87 2.257 1.932 -0.756 1.547 3.543 2.089 4.182 2.088 4.275 3.223 2.606 2.373 2.402 2.148 2.810 

Excess kurtosis 7.824 8.923 9.678 2.952 10.033 17.992 6.496 31.788 7.992 30.016 15.102 9.808 8.940 12.888 12.375 13.709 

                 
Panel D : DotCom bubble burst - March 10, 2000 to October 9, 2001 
Mean 0.819 0.341 0.693 0.720 0.522 0.011 1.136 0.581 0.262 - 0.529 0.248 0.397 0.522 0.492 0.581 
Std. dev. 0.260 0.098 0.205 0.224 0.142 0.007 0.906 0.197 0.421 - 0.611 0.087 0.153 0.276 0.152 0.523 
Skewness 1.046 0.454 0.737 1.977 0.357 3.065 2.659 1.996 7.607 - 4.235 0.693 0.673 2.125 1.291 3.793 
Excess kurtosis 2.176 0.962 1.683 12.934 0.669 15.736 14.639 9.410 94.414 - 30.430 0.513 0.549 15.343 5.510 35.008 
                 
Panel E : Global credit crisis -  February 1, 2007 to December 31, 2009 
Mean 1.018 0.795 0.674 0.625 0.703 0.033 0.386 0.740 0.605 0.289 0.482 0.351 3.275 0.767 0.617 1.008 
Std. dev. 0.678 0.364 0.294 0.343 0.414 0.024 0.519 0.369 0.676 0.163 0.321 0.155 6.042 0.797 0.330 1.544 
Skewness 2.647 1.619 1.469 1.569 1.567 1.660 5.094 2.174 3.869 1.115 1.891 1.526 2.405 2.200 1.779 2.875 
Excess kurtosis 12.321 4.610 5.143 3.091 2.834 3.846 36.984 8.456 30.190 3.822 6.406 3.715 6.077 9.807 5.502 16.696 
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Table 3: Summary Statistics for Jump Variation  

This table presents statistics that summarize the unconditional distributions of daily jump variation  for all the currencies over the 1996-2010 full sample period 
(Panel A) and over the sub-sample periods of the 1997 ‘Asian flu’ crisis (Panel B), the 1998 LTCM/Russian/Brazilian crisis (Panel B), the 2000-2001 DotCom bubble 
burst (Panel D) and the 2007-2009 global credit crisis (Panel E). The statistics presented in the column labelled ‘Average’ are the average of the respective sample 
moments of all 13 currencies, while the statistics in the columns labelled ‘Developed’ (‘Emerging’) are the average of the respective sample moments of the 8 developed 
(5 emerging) market currencies. 
 
 AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB Average Developed Emerging

Panel A: Full sample period - January 1, 1996 to October 26, 2010 
Mean 0.080 0.050 0.074 0.071 0.050 0.010 0.538 0.076 0.434 0.091 0.477 0.076 1.024 0.235 0.061 0.513 

Std. dev. 0.213 0.140 0.197 0.185 0.145 0.022 1.334 0.205 0.882 0.303 0.758 0.202 3.308 0.607 0.164 1.317 

Skewness 3.728 3.711 3.323 3.109 3.679 10.759 6.202 3.858 9.404 7.888 5.029 6.422 4.158 5.482 4.824 6.536 
Excess kurtosis 21.427 18.298 14.937 11.649 17.711 213.295 56.531 23.535 171.463 92.075 39.517 63.185 17.716 58.565 48.005 75.460 

                 
Panel B : Asian flu - June 1, 1997 to June 30, 1998 
Mean 0.117 0.062 0.074 - 0.055 0.021 1.851 0.090 0.841 0.479 1.599 0.257 1.997 0.572 0.084 1.353 
Std. dev. 0.262 0.123 0.206 - 0.154 0.021 3.417 0.235 2.169 0.835 1.860 0.471 3.383 1.010 0.184 2.333 
Skewness 2.839 2.353 3.432 - 3.099 1.335 2.829 3.105 6.213 2.487 1.909 2.662 3.009 2.713 2.353 3.289 
Excess kurtosis 10.337 6.126 12.978 - 10.128 2.088 9.003 10.726 53.713 7.922 4.707 8.701 11.583 11.386 7.636 17.386 
                 
Panel C : LTCM/Russian/Brazilian crisis - July 1, 1998 to February 26, 1999 
Mean 0.094 0.056 0.072 0.094 0.055 0.017 2.102 0.133 0.511 0.171 0.695 0.269 0.493 0.366 0.099 0.794 

Std. dev. 0.219 0.141 0.189 0.255 0.164 0.022 2.396 0.371 0.703 0.561 0.736 0.475 1.180 0.570 0.230 1.115 

Skewness 2.303 3.191 2.804 3.117 4.207 1.882 1.117 4.264 2.352 5.436 2.333 3.156 5.793 3.227 3.116 3.406 
Excess kurtosis 4.641 12.967 7.518 5.206 23.234 3.606 0.95 24.85 7.408 40.606 6.449 13.131 40.098 14.667 11.894 19.102 

                 
Panel D : DotCom bubble burst - March 10, 2000 to October 9, 2001 
Mean 0.135 0.038 0.086 0.086 0.045 0.009 0.517 0.081 0.514 - 0.459 0.055 0.075 0.175 0.067 0.392 
Std. dev. 0.283 0.100 0.217 0.218 0.129 0.011 0.949 0.178 1.086 - 0.632 0.103 0.132 0.336 0.155 0.700 
Skewness 2.214 2.807 2.713 2.804 2.824 2.514 3.666 2.142 5.160 - 3.099 2.540 1.671 2.846 2.570 3.399 
Excess kurtosis 4.708 7.781 7.797 8.727 6.907 9.554 16.489 3.711 28.820 - 14.638 10.087 2.149 10.114 7.409 15.524 
                 
Panel E : Global credit crisis -  February 1, 2007 to December 31, 2009 
Mean 0.069 0.049 0.077 0.061 0.050 0.005 0.357 0.062 0.583 0.131 0.657 0.049 3.812 0.459 0.053 1.108 
Std. dev. 0.243 0.176 0.224 0.177 0.170 0.012 0.631 0.198 0.899 0.177 0.459 0.123 6.307 0.754 0.165 1.695 
Skewness 5.619 4.349 4.258 3.910 4.550 3.395 4.247 4.173 3.162 1.614 0.998 3.228 1.427 3.456 4.185 2.290 
Excess kurtosis 43.626 23.001 25.461 19.399 25.763 13.384 25.035 21.770 12.960 4.118 2.380 12.567 0.702 17.705 23.121 9.039 
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Table 4: Jump Distribution Parameter Estimates 
This table presents parameter estimates of jump intensity (λ), jump mean scaled by 100 (γ), jump standard deviation (δ), absolute jump mean (γ*), absolute jump 
standard deviation (δ*) and jump contribution (sum(  )/sum(	  ) ) for all the currencies over the 1996-2010 full sample period (Panel A) and over the 
sub-sample periods of the 1997 ‘Asian flu’ crisis (Panel B), the 1998 LTCM/Russian/Brazilian crisis (Panel B), the 2000-2001 DotCom bubble burst (Panel D) and the 
2007-2009 global credit crisis (Panel E).  Panels F and G contain the jump parameter estimates for all the currencies over crisis and non-crisis periods, respectively. 
The statistics presented in the column labelled ‘Average’ are the average of the respective estimates of all 13 currencies, while the statistics in the columns labelled 
‘Developed’ (‘Emerging’) are the average of the respective estimates of the 8 developed (5 emerging) market currencies. The last column labelled ‘Significance’ refers to 
the significance of the slope estimate of equation (15), Pari = α + βDEi + εi,t, with *, ** and *** referring to 10%, 5% and 1% significance levels, respectively, and a 
blank cell indicates that the slope estimate is insignificant at the usual confidence level.    
 
 AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB Average Developed Emerging Significance

Panel A: Full sample period - January 1, 1996 to October 26, 2010 

λ 0.165 0.157 0.156 0.160 0.134 0.486 0.579 0.159 0.697 0.252 0.792 0.270 0.510 0.348 0.211 0.566 *** 

γ (x100) -0.313 -2.857 -0.798 0.412 -1.333 0.012 7.337 -0.183 1.766 -1.145 4.058 0.086 -16.119 (0.698) -0.622 -0.821  

δ 0.560 0.375 0.533 0.495 0.419 0.034 1.889 0.549 1.177 0.630 1.005 0.416 4.846 0.994 0.423 1.909 ** 

γ* 0.485 0.318 0.475 0.443 0.371 0.020 0.930 0.476 0.623 0.362 0.602 0.281 2.006 0.569 0.359 0.904 ** 

δ* 0.278 0.200 0.242 0.219 0.195 0.027 1.646 0.274 0.999 0.515 0.806 0.307 4.414 0.779 0.218 1.676 ** 

Jump contribution 10.62% 9.77% 11.37% 11.50% 9.04% 33.76% 40.31% 11.50% 64.29% 33.87% 66.65% 21.46% 55.46% 29.20% 14.88% 52.12% *** 

                  

Panel B : Asian flu - June 1, 1997 to June 30, 1998 

λ 0.221 0.273 0.158 - 0.146 0.679 0.547 0.169 0.620 0.399 0.779 0.371 0.536 0.408 0.288 0.576 *** 

γ (x100) -14.038 -4.852 0.537 - -3.103 0.177 66.449 0.572 5.691 -11.641 16.619 7.255 -27.013 2.819 -1.681 10.021  

δ 0.598 0.261 0.555 - 0.431 0.036 5.223 0.618 2.957 1.524 2.778 0.881 5.371 1.633 0.422 3.571 *** 

γ* 0.529 0.228 0.466 - 0.380 0.031 3.385 0.532 1.355 1.200 2.054 0.693 3.727 1.121 0.357 2.344 *** 

δ* 0.304 0.132 0.292 - 0.197 0.019 4.023 0.303 2.627 0.940 1.873 0.545 3.865 1.163 0.224 2.666 *** 

Jump contribution 15.65% 21.54% 11.79% - 10.38% 45.16% 31.81% 11.67% 54.41% 28.44% 65.28% 32.84% 42.08% 30.92% 21.29% 44.40% *** 

                  

Panel C : LTCM/Russian/Brazilian crisis - July 1, 1998 to February 26, 1999 

λ 0.186 0.188 0.164 0.15 0.160 0.601 0.565 0.178 0.624 0.135 0.818 0.439 0.541 0.365 0.258 0.536 ** 

γ (x100) 7.605 -4.689 -1.127 14.141 -11.941 0.052 -0.181 19.683 -10.697 27.226 6.594 11.751 14.934 5.642 4.434 7.575  

δ 0.555 0.352 0.508 0.746 0.423 0.035 4.257 0.928 1.099 1.608 1.120 0.820 1.737 1.091 0.546 1.964 ** 

γ* 0.505 0.300 0.437 0.627 0.347 0.028 3.723 0.749 0.819 1.274 0.849 0.614 0.910 0.860 0.451 1.515 ** 

δ* 0.226 0.181 0.244 0.330 0.262 0.022 2.029 0.566 0.736 0.983 0.729 0.551 1.484 0.642 0.298 1.192 *** 

Jump contribution 10.51% 11.88% 9.74% 15.23% 10.91% 46.17% 42.38% 11.88% 56.40% 42.38% 67.20% 37.66% 48.43% 31.60% 19.25% 51.36% *** 
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 AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB Average Developed Emerging Significance

Panel D : DotCom bubble burst - March 10, 2000 to October 9, 2001 
λ 0.219 0.149 0.161 0.158 0.123 0.698 0.489 0.196 0.753 - 0.738 0.291 0.287 0.355 0.250 0.567  

γ (x100) 15.617 5.147 5.705 5.135 -1.565 0.027 -10.809 1.047 6.388 - 5.770 -5.168 -4.121 1.783 3.243 -0.554  

δ 0.655 0.274 0.582 0.589 0.393 0.018 1.545 0.443 1.384 - 0.909 0.210 0.281 0.560 0.396 0.824  

γ* 0.615 0.255 0.534 0.541 0.368 0.013 1.058 0.413 0.683 - 0.623 0.188 0.262 0.427 0.366 0.525  

δ* 0.267 0.109 0.229 0.230 0.129 0.011 1.128 0.154 1.205 - 0.663 0.105 0.107 0.334 0.154 0.621 ** 

Jump contribution 15.46% 10.71% 11.85% 11.38% 8.36% 57.52% 36.91% 13.28% 77.01% - 58.52% 20.31% 17.72% 28.25% 18.61% 47.54%  

                  

Panel E : Global credit crisis -  February 1, 2007 to December 31, 2009 

λ 0.117 0.089 0.151 0.099 0.115 0.235 0.438 0.117 0.486 0.469 0.871 0.181 0.593 0.305 0.138 0.572 *** 

γ (x100) -2.062 -2.798 8.956 -0.56 3.213 -0.439 9.252 -3.706 3.001 -0.886 2.962 -1.171 -63.658 (3.684) 0.179 -9.866  

δ 0.742 0.616 0.605 0.501 0.524 0.027 0.909 0.606 1.278 0.321 0.859 0.312 9.553 1.296 0.492 2.584  

γ* 0.591 0.551 0.511 0.429 0.437 0.021 0.566 0.525 0.83 0.278 0.754 0.270 6.426 0.938 0.417 1.771  

δ* 0.445 0.269 0.333 0.256 0.286 0.018 0.716 0.301 0.971 0.159 0.411 0.154 7.091 0.878 0.258 1.870  

Jump contribution 6.65% 6.05% 10.94% 9.34% 6.98% 14.43% 60.04% 8.08% 62.94% 37.13% 74.62% 13.32% 64.01% 28.81% 9.47% 59.75% *** 

                  

Panel F : Crisis periods 

λ 0.168 0.147 0.156 0.119 0.127 0.470 0.573 0.153 0.692 0.302 0.816 0.270 0.500 0.346 0.201 0.576 *** 

γ (x100) 2.178 -1.671 5.491 2.699 -1.244 -0.039 13.437 1.557 3.000 -2.019 6.274 1.997 -39.116 (0.574) 1.371 -3.685  

δ 0.668 0.407 0.578 0.541 0.463 0.028 2.722 0.612 1.665 0.854 1.405 0.588 7.496 1.387 0.486 2.829 ** 

γ* 0.575 0.336 0.501 0.477 0.397 0.022 1.475 0.517 0.871 0.538 0.952 0.409 4.392 0.882 0.404 1.645 ** 

δ* 0.340 0.228 0.292 0.255 0.237 0.018 2.292 0.325 1.419 0.663 1.036 0.423 6.086 1.047 0.265 2.299 ** 

Jump contribution 10.37% 8.67% 11.17% 10.28% 8.14% 31.48% 38.79% 10.36% 62.33% 32.49% 67.64% 24.36% 57.50% 28.74% 14.35% 51.75% *** 

                  

Panel G : Non-crisis periods 

λ 0.163 0.164 0.156 0.169 0.139 0.497 0.583 0.163 0.702 0.216 0.775 0.270 0.517 0.347 0.215 0.559 *** 

γ (x100) -2.182 -3.628 -5.362 -0.875 -1.392 0.047 2.968 -1.372 0.880 -0.252 2.369 -1.308 -0.009 (0.778) -2.009 1.191 *** 

δ 0.463 0.353 0.495 0.467 0.388 0.038 0.903 0.503 0.625 0.240 0.523 0.216 0.732 0.457 0.365 0.605 * 

γ* 0.419 0.306 0.456 0.425 0.353 0.020 0.539 0.447 0.444 0.182 0.335 0.188 0.335 0.342 0.327 0.367  

δ* 0.197 0.179 0.197 0.194 0.159 0.032 0.725 0.228 0.439 0.156 0.403 0.107 0.651 0.282 0.162 0.475 *** 

Jump contribution 10.88% 10.75% 11.53% 12.42% 9.87% 35.70% 43.67% 12.59% 67.27% 38.87% 64.61% 18.06% 41.83% 29.08% 15.22% 51.25% *** 
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Table 5: Crisis Period Analysis 
This table presents the intercept and slope estimates for the OLS regression equation Depvari = α + βDCt ti , where the dependent variable for country i (Depvari) 

is designated in the left hand column and is either , , , the 0/1 jump occurrence, jump size (-/+) or absolute jump size, and the independent 
variable DCt is the crisis period dummy variable. Note that for the 0/1 jump occurrence dependent variable, probit regression model (16),

)()1)(( tti DCNDCtIP   , is used. All regressions are performed on trading days only.  *, ** and *** refer to 10%, 5% and 1% significance levels, 

respectively.  
 
Dependent var. AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB 

 α 0.6278*** 0.4661*** 0.6182*** 0.5777*** 0.497*** 0.0275*** 0.7191*** 0.5793*** 0.4719*** 0.2309*** 0.4018*** 0.2806*** 0.414*** 

β 0.3037*** 0.1041*** 0.0811*** 0.1047*** 0.1229*** 0.0047*** 1.4579*** 0.1838*** 0.5155*** 0.518*** 0.7457*** 0.172*** 3.4075***

 α 0.6029*** 0.4462*** 0.5909*** 0.5501*** 0.4785*** 0.0228*** 0.5473*** 0.5515*** 0.2614*** 0.1887*** 0.2518*** 0.2604*** 0.3183***

β 0.2933*** 0.1048*** 0.078*** 0.1053*** 0.1229*** 0.0047*** 1.215*** 0.1823*** 0.3459*** 0.4504*** 0.4406*** 0.1434*** 2.0411***

 α -0.828*** -0.5519*** -0.8165*** -0.7158*** -0.7207*** -0.0056*** -0.3718*** -0.8127*** 0.0728*** -0.221*** 0.1183*** -0.3672*** -2.1075***

β 0.0689* -0.0276 0.0142 -0.0476 -0.0212 -0.0007 0.6099*** -0.0097 0.3215 0.1666 0.5706 0.0961 2.4386 

0/1 jump occurrence α -0.9814*** -0.979*** -1.0101*** -0.958*** -1.0859*** -0.0064*** 0.2099*** -0.9821*** 0.5659*** -0.0183*** 0.7563*** -0.6136*** 0.0437* 

β 0.0199 -0.0705 -0.0005 -0.0906 -0.0542 -0.069* -0.0272 -0.042 -0.023 -0.1006* 0.1421*** -0.0001 -0.043 

Jump size (-/+) α -0.0218 -0.0362* -0.0536* -0.0088 -0.0139 0.0005 0.0297 -0.0137 0.0088 -0.0025 0.0237 -0.0131 -0.0001 

β 0.0436 0.0195 0.1085** 0.0357 0.0015 -0.0009 0.1047 0.0293 0.0212 -0.0177 0.0391 0.033 -0.3911* 

Absolute jump size  α 0.4185*** 0.306*** 0.4562*** 0.4246*** 0.3534*** 0.0197*** 0.5386*** 0.4472*** 0.4444*** 0.1822*** 0.3348*** 0.1879*** 0.3347***

β 0.1562*** 0.0304* 0.0443** 0.0522*** 0.0433** 0.0018 0.9366*** 0.0698*** 0.4268*** 0.3554*** 0.6169*** 0.2209*** 4.0572***
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Table 6: Summary Statistics and Concordance Measure for the Cojump Index 
Panel A presents statistics that summarize the unconditional distributions of the positive and negative cojump index CJ(t) over the 1996-2010 full sample period, and 
over the sub-sample periods of the 1997 ‘Asian flu’ crisis, the 1998 LTCM/Russian/Brazilian crisis, the 2000-2001 DotCom bubble burst, and the 2007-2009 global 
credit crisis. The last two rows in Panel A provide the statistics over the crisis and non-crisis periods. Panel B reports the concordance measure for the 13 currencies 
over the full sample period. The statistics presented in the column labelled ‘Average’ are the average of the respective concordance measures for all 13 currencies, 
while the statistics in the columns labelled ‘Developed’ (‘Emerging’) are the average of the respective concordance measures of the 8 developed (5 emerging) market 
currencies. The last column in Panel B labelled ‘Significance’ refers to the significance of the slope estimate of equation (15), Pari = α + βDEi + εi,t, where Pari = 
concordance measure for currency i,  with *, ** and *** referring to 10%, 5% and 1% significance levels, respectively, and a blank cell indicates that the slope estimate 
is insignificant at the usual confidence level.    
 
Panel A: Descriptive Statistics for CJ(t) 

 Min. Max. % zero Mean Median Std. Dev Skewness 
Excess 

Kurtosis 
ρ(1) ρ(5) ρ(10) ρ(15) ρ(20) 

Full sample 0 0.9231 0.32% 0.3399 0.3077 0.1303 0.4818 0.5211 0.0570 0.0844 0.0541 0.0745 0.0374 

Asian flu 0 0.9231 1.07% 0.3712 0.3846 0.1338 0.3454 1.2444 -0.0017 -0.0154 0.0889 0.0659 0.0153 

LTCM/Russian/Brazilian 0.0769 0.8462 0.00% 0.3520 0.3846 0.1238 0.2829 0.6685 0.1829 0.0513 -0.0062 0.0058 0.0107 

DotCom bubble burst 0.0000 0.9231 0.50% 0.3227 0.3077 0.1324 0.0296 1.0941 0.0553 0.1135 0.0712 -0.0400 0.0003 

Global credit crisis 0.0769 0.7692 0.00% 0.3350 0.3077 0.1180 0.4734 0.2283 -0.0348 0.0959 -0.0104 0.0423 -0.0168 

Crisis period 0 0.9231 0.31% 0.3400 0.3077 0.1262 0.4875 0.7305 0.0366 0.0975 0.0533 0.0397 0.0266 

Non-Crisis period 0 0.9231 0.32% 0.3399 0.3077 0.1333 0.4780 0.3874 0.0707 0.0776 0.0601 0.1019 0.0597 

 
Panel B: Concordance measure for CJ(t) 

 AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB Average Developed Emerging Significance

Full sample 0.4385 0.4325 0.4440 0.4204 0.4188 0.6093 0.6689 0.4235 0.6805 0.4848 0.6865 0.5116 0.6532 0.5287 0.4623 0.6348 *** 

Asian flu 0.5536 0.5321 0.4964 - 0.5000 0.6571 0.6750 0.5107 0.6179 0.6607 0.6643 0.6179 0.6214 0.5923 0.5526 0.6479  

LTCM/Russian/Brazilian 0.7882 0.7412 0.8471 - 0.8529 0.3294 0.4647 0.8294 0.3353 0.6118 0.2588 0.6412 0.5000 0.6000 0.7185 0.4341 ** 

DotCom bubble burst 0.8687 0.8182 0.8586 0.8384 0.8889 0.3939 0.5354 0.8283 0.3131 - 0.2020 0.7071 0.4697 0.6435 0.7753 0.3801 *** 

Global credit crisis 0.3914 0.3644 0.4291 0.4291 0.3914 0.4534 0.6896 0.3819 0.6869 0.6100 0.7058 0.4399 0.6869 0.5123 0.4101 0.6758 *** 

Crisis period 0.4223 0.4135 0.4323 0.4010 0.4079 0.5677 0.6779 0.4160 0.6836 0.5213 0.6949 0.5031 0.6435 0.5219 0.4455 0.6442 *** 

Non-Crisis period 0.4502 0.4462 0.4525 0.4344 0.4267 0.6394 0.6624 0.4290 0.6783 0.4584 0.6805 0.5176 0.6602 0.5335 0.4745 0.6280 *** 
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Table 7: Summary Statistics and Concordance Measure for the Positive Cojump Index 
Panel A presents statistics that summarize the unconditional distributions of the positive cojump index +CJ(t) over the 1996-2010 full sample period, and over the 
sub-sample periods of the 1997 ‘Asian flu’ crisis, the 1998 LTCM/Russian/Brazilian crisis, the 2000-2001 DotCom bubble burst, and the 2007-2009 global credit crisis. 
The last two rows in Panel A provide the statistics over the crisis and non-crisis periods. Panel B reports the concordance measure for the 13 currencies over the full 
sample period. The statistics presented in the column labelled ‘Average’ are the average of the respective concordance measures for all 13 currencies, while the 
statistics in the columns labelled ‘Developed’ (‘Emerging’) are the average of the respective concordance measures of the 8 developed (5 emerging) market currencies. 
The last column in Panel B labelled ‘Significance’ refers to the significance of the slope estimate of equation (15), Pari = α + βDEi + εi,t, where Pari = concordance 
measure for currency i,  with *, ** and *** referring to 10%, 5% and 1% significance levels, respectively, and a blank cell indicates that the slope estimate is 
insignificant at the usual confidence level.    
 
Panel A: Descriptive Statistics for +CJ(t) 

 Min. Max. % zero Mean Median Std. Dev Skewness 
Excess 

Kurtosis 
ρ(1) ρ(5) ρ(10) ρ(15) ρ(20) 

Full sample 0 0.7692 10.09% 0.1709 0.1538 0.1142 0.7801 0.9649 0.0635 0.0504 0.0077 0.0068 -0.0049 

Asian flu 0 0.7692 7.86% 0.1926 0.1538 0.1161 0.7389 1.7248 0.0462 -0.0697 0.0305 -0.1183 -0.0243 

LTCM/Russian/Brazilian 0 0.6154 6.47% 0.1796 0.1538 0.1129 0.7439 0.6817 0.0088 0.0188 -0.0996 -0.0459 -0.0677 

DotCom bubble burst 0 0.6154 10.15% 0.1676 0.1538 0.1111 0.1550 1.3174 0.0370 0.1356 0.0861 0.0501 -0.0509 

Global credit crisis 0 0.6923 12.01% 0.1664 0.1538 0.1168 0.8103 0.9931 0.0784 0.0797 -0.0790 -0.0691 -0.0354 

Crisis period 0 0.7692 10.22% 0.1726 0.1538 0.1152 0.7920 1.1268 0.0646 0.0722 -0.0132 -0.0346 -0.0345 

Non-Crisis period 0 0.6923 10.00% 0.1697 0.1538 0.1134 0.7708 0.8422 0.0631 0.0398 0.0293 0.0413 0.0177 

 
Panel B: Concordance measure +CJ(t) 

 AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB Average Developed Emerging Significance

Full sample 0.4128 0.4073 0.4157 0.4083 0.4012 0.5279 0.5867 0.4078 0.6046 0.4385 0.6429 0.4606 0.5391 0.4810 0.4302 0.5624 *** 

Asian flu 0.7429 0.3464 0.3821 - 0.5679 0.2571 0.3107 0.5250 0.3357 0.5107 0.4036 0.5964 0.4607 0.4533 0.4883 0.4043  

LTCM/Russian/Brazilian 0.9000 0.8824 0.9235 - 0.9353 0.6353 0.6882 0.9059 0.6059 0.8294 0.5824 0.7882 0.7588 0.7863 0.8529 0.6929 ** 

DotCom bubble burst 0.9444 0.9141 0.9293 0.9091 0.9495 0.6869 0.7273 0.9040 0.6212 - 0.5960 0.8384 0.7424 0.8136 0.8845 0.6717 *** 

Global credit crisis 0.4089 0.4049 0.4426 0.4399 0.4184 0.4561 0.6316 0.4157 0.6397 0.5574 0.6815 0.4480 0.5560 0.5001 0.4293 0.6132 *** 

Crisis period 0.4060 0.4029 0.4123 0.3916 0.3922 0.5194 0.5802 0.4010 0.5902 0.4580 0.6541 0.4624 0.5138 0.4757 0.4235 0.5593 *** 

Non-Crisis period 0.4176 0.4104 0.4181 0.4204 0.4077 0.5339 0.5914 0.4127 0.6149 0.4244 0.6348 0.4593 0.5575 0.4849 0.4350 0.5646 *** 
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Table 8: Summary Statistics and Concordance Measure for the Negative Cojump Index 
Panel A presents statistics that summarize the unconditional distributions of the negative cojump index –CJ(t) over the 1996-2010 full sample period, and over the 
sub-sample periods of the 1997 ‘Asian flu’ crisis, the 1998 LTCM/Russian/Brazilian crisis, the 2000-2001 DotCom bubble burst, and the 2007-2009 global credit crisis. 
The last two rows in Panel A provide the statistics over the crisis and non-crisis periods. Panel B reports the concordance measure for the 13 currencies over the full 
sample period. The statistics presented in the column labelled ‘Average’ are the average of the respective concordance measures for all 13 currencies, while the 
statistics in the columns labelled ‘Developed’ (‘Emerging’) are the average of the respective concordance measures of the 8 developed (5 emerging) market currencies. 
The last column in Panel B labelled ‘Significance’ refers to the significance of the slope estimate of equation (15), Pari = α + βDEi + εi,t, where Pari = concordance 
measure for currency i,  with *, ** and *** referring to 10%, 5% and 1% significance levels, respectively, and a blank cell indicates that the slope estimate is 
insignificant at the usual confidence level.    
 
Panel A: Descriptive Statistics for –CJ(t) 

 Min. Max. % zero Mean Median Std. Dev Skewness 
Excess 

Kurtosis 
ρ(1) ρ(5) ρ(10) ρ(15) ρ(20) 

Full sample 0 0.8462 10.54% 0.1690 0.1538 0.1155 0.8388 0.9962 0.0571 0.0454 0.0010 0.0027 0.0382 

Asian flu 0 0.4615 8.21% 0.1786 0.1538 0.1061 0.3637 -0.2837 0.0808 -0.0092 -0.0024 -0.0593 0.1241 

LTCM/Russian/Brazilian 0 0.5385 6.47% 0.1724 0.1538 0.1030 0.8657 1.2754 0.0553 0.0809 -0.1642 -0.0074 0.1361 

DotCom bubble burst 0 0.5385 9.90% 0.1552 0.1538 0.1060 0.1304 0.8966 0.0089 0.0690 -0.0029 -0.0094 0.0572 

Global credit crisis 0 0.6923 11.34% 0.1686 0.1538 0.1169 0.7879 0.8075 0.0966 0.0912 0.0039 -0.0252 0.0523 

Crisis period 0 0.6923 9.91% 0.1674 0.1538 0.1111 0.7539 0.6866 0.0709 0.0750 -0.0144 -0.0150 0.0872 

Non-Crisis period 0 0.8462 10.99% 0.1702 0.1538 0.1186 0.8843 1.1371 0.0459 0.0238 0.0103 0.0200 0.0183 

 
Panel B: Concordance measure –CJ(t) 

 AUD CAD CHF EUR GBP HKD IDR JPY KRW MYR PHP SGD THB Average Developed Emerging Significance

Full sample 0.4233 0.4196 0.4275 0.4164 0.4151 0.5242 0.5612 0.4217 0.6096 0.4653 0.6146 0.4669 0.5499 0.4858 0.4393 0.5601 *** 

Asian flu 0.7071 0.4000 0.4143 - 0.5179 0.2929 0.3607 0.5143 0.3607 0.5143 0.4929 0.5464 0.4214 0.4619 0.4847 0.4300  

LTCM/Russian/Brazilian 0.8882 0.8588 0.9235 - 0.9176 0.6941 0.7765 0.9235 0.7294 0.7824 0.6765 0.8529 0.7412 0.8137 0.8655 0.7412 ** 

DotCom bubble burst 0.9242 0.9040 0.9293 0.9293 0.9394 0.7071 0.8081 0.9242 0.6919 - 0.6061 0.8687 0.7273 0.8300 0.8908 0.7083 *** 

Global credit crisis 0.4251 0.3995 0.4318 0.4399 0.4238 0.4588 0.6086 0.4089 0.6275 0.5655 0.6478 0.4372 0.5816 0.4966 0.4281 0.6062 *** 

Crisis period 0.4185 0.4091 0.4160 0.4029 0.4104 0.5169 0.5652 0.4098 0.6034 0.4831 0.6147 0.4518 0.5457 0.4806 0.4294 0.5624 *** 

Non-Crisis period 0.4267 0.4271 0.4357 0.4262 0.4186 0.5294 0.5584 0.4303 0.6140 0.4525 0.6145 0.4778 0.5529 0.4896 0.4465 0.5585 *** 
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Figure 1: Plots of Realized Variation   

This figure presents plots of realized variation  for all the currencies over the full sample period. 
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Figure 2: Plots of Jump Variation  

This figure presents plots of jump variation  for all the currencies over the full sample period. 
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Figure 3: Plots of Signed Jump Variation  

This figure presents plots of signed jump variation  for all the currencies over the full sample period. 
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