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The underlying stochastic processes that drive returnsin several emerging
bond and stock markets are investigated using the pure diffusion, the jump
diffusion, the ARCH pure diffusion, and the ARCH jump diffusion models.
The results indicate that jump diffusion models fit the data better than pure
diffusion models. Possible sources and linkages of information surprisesin
emerging stock and bond marketsarea soinvestigated. Bond and stock returns
of the same country exhibit simultaneous jumps, indicating a possible linkage
of the two markets. U.S. equity returns respond to jumps in emerging bond
markets but not to jumpsin emerging stock markets (JEL C51, F36, G12, G14).
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|. Introduction

Identifying the probability distribution that characterizes the return
series of a financial asset has been an important task in empirical
finance. It is becoming even more important with the increasing
popularity of new risk measures such asValue at Risk (VAR). VARIs
defined as the largest loss in portfolio value due to changes in market
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prices over a given period of time within a certain probability. VAR
computations based on incorrect distributional assumptions do not
providean accurate picture of a portfolio’s risk exposure, and may even
induce faulty risk management decisidnherefore, the first step in
computing an accurate VAR measure is to find the distribution that
closely approximates the dynamics of securitgegsireturns. This
article, investigates the distributional characteristics of bond and stock
returns in rapidly growing emerging markets.

Another reason to understand return distributions in these markets
is their implications for optimal asset allocation. The mean-variance
criterion is commonly used for international asset allocation. This
criterion relies on the assumption that investors have a quadratic utility
function or asset returns are normally distributed. The drawbacks of
assuming a quadratic utility function for investors are well established.
Moreover, the empirical results presented in this article provide strong
evidence against normality of asset returns. Thus the optimality of the
mean-variance strategy is in doubt. Therefore, it is necessary to devise
new asset allocation strategies that account for the distribution of asset
returns?

Moreover, emerging stock and bond markets have experienced
significant growth in the past several years..S. companies, mutual
funds, and pension funds have also been increasing their exposure to
these markets. It is important to understand the dynamics of these
emerging markets in order to provide better guidance to investors on
risk management and portfolio allocation issues.

Researchers have studied the return dynamics of U.S. markets and
foreign exchange markets in great detail. It is well known that asset

1. For adiscussion of how different distribution assumptions affect the VAR, see
Duffie and Pan (1997).

2. Anaternative way to measure therisk of extreme eventsistolook at thetails of the
distribution; e.g., Embrechts, Resnick, and Samorodnitsky (1998) and Booth et a. (1997).

3. See Merton (1990) for an example of asset allocation within the jump-diffusion
framework.

4. For example, capitalization in emerging market sovereign debt has grown over the
period 1989 to 1993 from 50 hillion to 1.2 trillion U.S. dollars. The volume of trade in
sovereign debt issued by developing countriesis currently 2.2 trillion U.S. dollars.

5. Themean and variance of returnsin emerging capital markets are higher than those
of developed markets; e.g., Harvey (1995) and Claessens and Gooptu (1993).
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returns have fatter tails to be successfully fitted by a normal
distribution. A model that can capture the fatter tail effect is jump
diffusion. Ball and Torous (1983) are the first to document that jump
diffusion fits several U.S. stocks return series well. 1n a subsequent
paper, the authors study the implications of their findings for option
pricing (Ball and Torous [1985]). Jarrow and Rosenfeld (1984)
investigatetheimplicationsof thejump diffusion model for capital asset
pricing. Kim, Oh, and Brooks (1994) apply the jump diffusion model
toindividual U.S. stock pricesand market indices. They find significant
jumpsin both return series.

A well-known characteristic of asset return dynamics is volatility
clustering or conditional heteroskedasticity. ARCH (Autoregressive
Conditional Heteroskedasticity) typemodelscapturethiseffect well; see
Bollerslev, Chou, and Kroner (1992) for adetailed review. A number
of researchers find that a combination of ARCH and jump diffusion
model s provides abetter modeling of return series. Thisisdocumented
for the U.S. bond market by Das (1995) and for foreign exchange
markets by Jorion (1988) and Johnson and Schneeweis (1994).

This article extends the investigation of the distribution of daily
bond and stock returns in emerging markets using the pure diffusion
(PD), jump diffusion (JD), ARCH pure diffusion (APD), and ARCH
jump diffusion models(AJD).° Varioustests performed show that jump
diffusion modelsfit the data better than pure diffusion models. These
findings have serious implications in investment analysis and risk
management of emerging markets. Because the normal distribution is
not adequate to describe return dynamics of emerging markets, one
needs to use jump diffusion as the underlying distribution to compare
risk and reward. Specifically, VAR measures computed from a jump
diffusion are generally higher than those computed from a pure normal
distribution with equal total variance (Duffie and Pan [1997]). In
addition, jump diffusion admits far more extreme values and thus
requires a higher capital reserve to prepare for these extreme events.

Finally, the article investigates the possible sources of information
surprises in emerging stock and bond markets. None of the studies
mentioned above, with the exception of Das (1995), investigates this
aspect of return dynamics. While Das (1995) focuses solely onthe U.S.

6. Mostof theearly articleson emerging marketsempl oy monthly data, thereby limiting
the scope of questions/issues that can be addressed. Chahal, Rebello, and Smith (1995) use
daily data for emerging stock and bond markets, but they only analyze the integration of
emerging markets with the U.S.
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Treasury market, this article makes the connection between the bond
market and the stock market of a home country. The results show that
bond and stock returns of an emerging country are closely linked, as
there exist simultaneous jumpsin both return series. Thereturns of the
U.S. equity market are connected with jumpsin emerging bond markets
but not in emerging stock markets. Thisfindingishelpful inidentifying
risk exposure.

The bonds used in this study are highly liquid assets and popular
trading instruments for investors who want exposure to emerging
markets. The above resultsindicate that investors holding these bonds
are exposed to not only risks in emerging markets but also risksin the
U.S. equity market. Hence investors who seek exposure to only
emerging marketshavetwo aternatives: (1) apositioninemerging bond
markets plus a position to hedge away exposure to the U.S. equity
market, or (2) aposition in emerging stock markets.

Therest of the article is organized as follows. Section Il describes
the data and presents the statistical methodology. The empirical
assessment of jump diffusion models and sources of jump risk is
presented in section I11. Section IV presents the conclusions.

[l. Data and Statistical Methodology

A. Data Description

Thedataused in this study include bond and stock market index returns
for six emerging economies (countries), the U.S., and aregional Latin
American Equity index. Thesix countriesareBrazil, Mexico, Morocco,
Nigeria, Panama, Poland, and V enezuela. Thedataare collected at daily
intervals and cover the period March 2, 1992 to May 10, 1994.

The bond data, obtained from First National Bank of Chicago’s
Emerging Markets Division, include daily prices for eleven bonds
issued by the aforementioned countries. These prices are the average
of bid and ask quotes as reported by Reutersat 4 p.m. Eastern Standard
Time. Six of thebondsare Brady bonds. That is, they are denominated
in U.S. dollars and their principal, and in many case their interest, is
collateralized by U.S. Treasury zero-coupon bonds. Theremainingfive
bonds are a so dollar denominated, but they differ from Brady bondsin
that neither principal nor interest isbacked by specific collateral. These
bonds are traded in New York and London. Because of the market
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location, collateral characteristics, and dollar-denomination, these
eleven bonds are the most liquid emerging market instruments.
Appendix A provides additional information on the eleven bonds.

Continuously-compounded daily returnsare computed fromthebond
prices and accrued interest using formula’

+
X, = .n(ﬁ}
P(—l + Alt—l

where X, isthereturn for trading day t, “In” is the natural logarithnP,
is the closing price at timg andAl,, is the accrued interest during
periodt-1tot.

The stock data include daily values for a U.S. equity index (USR),
aregional Latin American equity index (LAMR), and six market equity
indices; one for each of the aforementioned countries. The USR isa
value-weighted index of all equity securities on the CRSP tapes and
accounts for dividends. The LAMR is avalue weighted stock return
index (by market capitalization) of seven Latin American countries,
including Argentina, Brazil, Mexico, Peru, and Venezuela. The
remaining six indices are value-weighted indices of actively traded
stocks and include dividends. The daily values of all sevenindicesare
converted into U.S. dollars using the Reuter’s exchange rate at 3 p.m.
Eastern Standard Time.® Daily continuously-compounded (U.S. dollar)
returns are calculated using the formula

X, =In( R )
R

where P, is the price of the stock index at timet. Note that the prices

7. Holders of bonds issued by Poland and Panama did not receive interest payments
over the sample period, thus Al, = 0 for these bonds.

8. Stock datafor the six emerging economies and the LAMR were obtained from the
Morgan Stanley Capital International Emerging Markets Database (MSCI). The dividend
adjustment used by MSCI is as follows: (1) In the period between ex date and the date of
dividend reinvestment, a dividend reinvestment is a component of the index return. (2)
Dividends are deemed received on the payment date. (3) To determine the payment date, a
fixed time lag is assumed to exist between the ex date and the payment date. Thistime lag
varies by country and is determined in accordance with general practice within that market.
(4) Reinvestment of dividends occurs at the end of the month in which the payment datefalls.
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used to compute these returns are the official closing prices in the
dominant stock exchanges in each country.

Additional U.S. dataincludesthe returns on the Federal Funds Rate
(FFR), which were obtained from the Federal Reserve Bank of Atlanta.

B. Satistical Methodology

Table 1 presents various distribution statistics of daily returns for the
bond and equity indices in the six emerging markets (countries), the
Latin Americanindex andtheU.S. These statistics helpto motivatethe
jump diffusion framework for modeling returns. One common feature
of al bond and stock seriesexamined isthelarge excesskurtosis, which
is statistically significant at the five percent level. Note that excess
kurtosisis higher for bond returns than for stock returns.

Another common featureisthat there are more extreme values than
could be justified by a norma distribution of the same mean and
variance. For example, the bond Brazil Exit has sixteen daily returns
that are at least three standard deviations away from the mean and four
returns that are at least five standard deviations away. These two
numbers represent 2.95% and .74% of all the observations. However,
under the assumption that the return series is normally distributed, the
probability of having one draw that isthree standard deviationsaway is
.27% and the probability of a draw five deviations away is .000057%.
Clearly, the return series has too many extreme values to be generated
by anormal distribution.

Thefat tailsin the data can be modeled using a stochastic volatility
process, such as a ARCH or a jump diffusion process.’ It is well
recognized that conditional volatility models capture the volatility
clustering property of thedatawell, but they do not fully account for the
fat-tailed properties of the data; e.g., Baillie and Bollerslev (1989) for
astudy of the U.S. financial markets. The jump diffusion framework,
on the other hand, models the data as a mixture of routine movements
andrandom burstsof jumps. Thisprovidesflexibility inaccommodating
extreme values in the data and thus captures the fat-tailed properties.
However, sinceconditional autoregressiveheteroskedasticity (volatility)
is not modeled in the pure jump diffusion setting, the volatility
clustering effect isnot captured by thismodel. Overall, one may expect
that a combination of jump diffusion and ARCH models provides the

9. Theskewed generalized t (GT) distribution, developed by Theodossiou (1998), can
also be used to model the fat tails and skewness in financial data.
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TABLE 1. Summary Statistics for Daily Bond and Equity Index Returns

A. Bond Returns

Bond Nobs Mean Standard Skewness Excess Nobs Nobs
x10° Deviation Kurtosis (>3 se) (>5 se)
Brazil Exit 542 -30.7 .0124  -1.48* 11.31* 16 4
Brazil IDU 383 47.9 .0104 —.62* 4.55* 6 1
Mexico Discount 545 3.3 .0066 —.59* 8.99* 15 1
Mexico Par 545 0.3 .0088 -1.18 8.07* 16 1
Morocco 547 92.7 .0113 —.85*% 4.82* 10 1
Nigeria Par 547 12.7 .0144 —.54* 10.09* 15 2
Panama 544 130.9 .0246  -1.52* 14.55* 12 3
Peru CB 522 1795 .0310 -1.09* 9.38* 10 2
Poland DDRA 547 119.1 .0206 —.68* 6.82* 11 2
Venez. Discount 547 —-49.3 .0142 —.42* 4.36* 11 0
Venez. Par 549 -38.4 .0134 -.80* 6.60* 11 2

B. Equity Returns

Equity Nobs Mean Standard Skewness Excess Nobs Nobs
Index x10° Deviation Kurtosis (>3 sd) (>5 sd)
USR 550 26.5 .0055 —.40* 2.47* 7 0
LAMR 549 334 .0130 —.44* 2.24* 7 1
Argentina 549 -7.5 .0259 —.34* 1.91* 6 0
Brazil 549 38.8 .0315 -.31* 0.68* 4 0
Mexico 549 21.0 .0162 —-.059 1.60* 7 0
Peru 340 133.2 .0230 —.49* 2.05* 4 0
Poland 340 534.9 .0377 -.30* 2.13* 3 0
Venezuela 340 -104.6 .0208 0.055 4.33* 5 0

Note: The columns Nobs ( > 3 sd) and Nobs (> 5 sd) give the number of returnsthat are
at least three and five standard deviations from the mean, respectively. The sampleperiodis
March 2, 1992 to April 8, 1994. *Statistically significance at thefive percent level. USRis
for U.S. index returns and LAMR is for Latin American Equity Index returns. All equity
indices are expressed in U.S. dollars and account for dividends.

best fit to the data series.

According to table 1, the data exhibit significant skewness. All the
data series, with the exception of equity indices for Mexico and
Venezuela, exhibit significant skewness at the five percent level.
ARCH modelsallow thevolatility, or conditional heteroskedasticity, to
vary over time, thus making it easier to match the fourth moment or
kurtosis to the data. Nevertheless, time-varying conditional volatility
has a limited effect on the third moment or skewness. Hence ARCH
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models cannot fit all kinds of skewnessin the data.

On the other hand, jump diffusion models have the advantage of
capturing skewness. Thereasonisthat jump diffusion processed model
the dataas normal fluctuations plus random arrivals of big jumps. The
sizes of those jumps are also random. Changing the mean of the jump
sizeandthearrival probability affectsthe mean and the skewness of the
distribution. Ingeneral, it iseasier to match skewness of the data with
jump diffusion model sthan with conditional heteroskedasticity models.

Following Jorion (1988) and Das (1995), we estimate different
return specifications using maximum likelihood estimation. We study
four models, the pure diffusion (PD), the pure diffusion with time-
varying conditional heteroskedasticity (APD), thejump diffusion (JD),
andthejumpdiffusionwithtime-varying conditional heteroskedasticity
(AJD). Notethat thefirst three model sare nested withinthe last model.

The pure diffusion model assumes that returns are normally
distributed with mean k and variance ¢4, i.e.,

X(t)=k+oz(t), (1)

where z(t) is an i.i.d. (identically and independently distributed)
standard normal error; i.e., it has mean zero and variance one. In the
jump diffusion framework, the return processis modeled as

Xt)=k+oz(t)+JI xy, 2

where z(t) hasthe same propertiesasin (1), and JisaBernoulli random
variable taking the value of one (J = 1) in the case of ajump and the
value of zero (J = 0) otherwise. The probability of ajump is h, and
consequently the probability of no jump is 1k The random variable
y is normally distributed with meap and variance y* and it is
stochastically independent of z(t). The above jump diffusion process
can aso be viewed as a mixture of two normal distributions; see
Akgiray and Booth (1987). Moreover, note, that when h = 0, equation

2 simplifiesto equation 1. Inthisrespect, the pure diffusion processis
nested within the pure jump diffusion process.*

10. The estimation method for the jump-diffusion process is based on the Bernoulli
approximation first employed by Ball and Torous (1983) and more recently by Das (1995).
Itiswell known that the Bernoulli processis a stable approximation of the Poisson process
and converges to it in the limit. This methodology differs from that employed by Jorion
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In the case of the AJD
X(t)=k+o(t)z(t)+ I xy,and 3
o*(t) =a, +a [ X(t-1) - k], (4)

where ¢%(t) isthe conditional variance of returns specified asafunction
of past volatility shocks or afirst order ARCH process. Equation 4
captures time variation in conditional heteroskedasticity which is
responsiblefor portion of kurtosisinthe data. Notethat when ¢%(t)= ¢,
AJD reduces to that of aJD model.

To further investigate the sources of jumps, the jump variable L is
specified asafunction of contemporaneous(t), one-day lagged and one-
day forward returns from the bond and stock markets in the home and
foreign markets. Specifically, for the emerging bond series the jump
variable p is specified as

H(t)=¢, +¢ FFR +C, FFR_; + ¢ FFR,;
+d; HSR +d, HSR_,; +d; HSR (%)

G UR +6 USSR + USSR,

where FFR, isthe Federal Funds Rate, HSR is the home country stock
index return, and USR is the U.S. equity stock index return. For the
emerging equity indices, the 1 is specified as

H(t) = G+ G FFR +G,FFR_, + G FFR,,
+d,HBR +d, HBR_, + dy HBR,, ©)

FQUR +6 USSR, +6UR,;,

where HBR isthe home country bond return and FFR, and USR are as
defined previously. The FFR, and USR variables can be viewed as

(2988), which involves truncation of the infinite summation of the Poisson process.
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proxiesfor therisk-freerate and U.S. market risk and the HBR, variable
isused asaproxy for home country risk. By identifying thefactorsthat
contribute significantly to the jump size, we can study the linkagesin
jumps across markets and shed light on the possible sources of jumps.

These PD, JD, APD, and AJD aswell as the various specifications
for the jump parameter p are estimated using the maximum likelihood
estimation method. The estimation involves maximization of the
following general log-likelihood function

L = max C |n{iexp(—le
* & |2mo(t)? 2 a(t)’
)

. h (_ E(X(t)—l:—uz(t))z]}
J27(o(t)? +y?) 2 (o(t)*+y?)

with respect to the parameter vector (space) ¢ =[ k, 1, - ].** Notethat
PD, JD, and APD are nested within the AJD, and as such their
likelihood functions are special cases of (7). Specifically, in the case
of PD and APD h=p =0, inthe case of PD and JD ¢*(t)= ¢°>. Moreover,
in JD and AJD p(t) may be specified as constant over-time.

The comparison between nested models can be accomplished by
using the likelihood ratio (L R) test statistic

LR=-2x (Lg—Ly), (8)
whereL; andL, are the values of the log-likelihood functions of the
enlarged and nested models as defined in (7). The LR statistic follows
a? distribution with degrees of freedom equal to the difference in the
number of parameters estimated under the two specifications. Another
measure to compare the fit of these models is the Schwarz criterion
(Schwarz [1978]), defined as

SC=-2xL(¢|X)+KlogT, (9)

whereL(yp | X) represents the log-likelihood function of the parameter

11. Appendix B gives the derivation of the log-likelihood functionin (7).
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vector ¢ given the data X, K is the number of parameters to be
estimated, and T is the number of observations. The Schwarz criterion
accommodates the tradeoff between better fit and more parameters by
penalizing the model with the larger number of parameters. The most
probable model isthe onewith the smallest SC value. The SCis useful
for comparing non-nested models, such asthe JD and APD.

[I. Empirical Results

A. Comparison of the Four Diffusion Models

Table 2 presents the results for the pure diffusion (PD), jump diffusion
(JD), ARCH pure diffusion (APD), and ARCH jump diffusion (AJD)
modelsfor emerging country bonds.*? Based on thelog-likelihood ratio
(LR) test statistic, the AJD model appears to provide the best fit to the
data. The only exception isthe Mexico Discount bond. These results
are also supported by Schwarz criterion (SC); that is, in all casesthe SC
value is the lowest for the AJD models compared to the other three
models. Moreover, the SC criterion indicatesthat out of the non-nested
models, the JD model provides a better fit to the data than the APD
model. Thelatter resultimpliesthat time-varying volatility al onecannot
explain the extreme values.

Table 3 presents the results of the four models for emerging market
stock indices and the U.S. value-weighted equity index. The
improvement of fit is observed when switching from conditional
volatility models to jump diffusion models. For example, the jump
diffusion model outperformsthe purediffusion model based on both the
log-likelihood ratio tests and the Schwarz criterion. Between the two
non-nested models, jump diffusion outperforms ARCH diffusion based
onthe Schwarz criterion (except for LAMR). Ingeneral, jumpsneed to
be included in the model of return process to have a better fit.**

Several interesting results can be found for both emerging bond and
stock markets from tables 2 and 3 respectively. The estimates of
variance (¢°) in the pure diffusion model are higher than those obtained

12. A Tuesday effect for several bonds exists. However, the results are similar to the
ones obtained without day-of-the-week effects; results available upon request.

13. Insome cases, the AJD did not improve upon thefit provided by the jump diffusion
model. The reason is that the former model uses at least one less observation.
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AJD
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1.096 .029
(2.50) (5.99)
824
(1.48)*
1.420
(3.32)
~.308 145
(-54)*  (38.7)
476 .008
(2.51) (9.82)
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2,641.46
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-3,124.25
-3,187.71
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-4,234.41
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Bond Model kx 10 A x10 g, x10 a px 10 72 x 10 h L SC
Mexico Par PD .003 077 2,307.73 —4,602.862
(.01)* (34.2) a
JD 1.044 .011 -4.041 .245 .258 2,473.41 -4,915.3%
(5.23) (9.59) (-2.77) (7.71) (8.19) =
APD 757 .046 .615 2,336.28 -4,653.67<
(2.64) (35.2) (8.44) 3
AJD .826 .007 AT72 -3.5657 .277 .155 2,494.85 —4,951.9'%
(5.04) (7.72) (5.99) (-2.05) (5.49) (6.02) =
Morocco PD .927 128 2,178.51 —4,344.415_
(1.81)* (28.8) ]
JD 1.367 .033 -1.62 .346 .272 2,260.57 -4,489.62
(3.68) (7.89) (-.82)* (5.36) (5.70) §
APD 1.151 .083 .368 2,208.74 —-4,398.58
(2.33) (23.2) (5.24) g
AJD 1.429 .027 .408 -5.08 .370 137 2,280.60 -4,523.40
(4.27) (7.57) (5.36) (-1.66)* (3.44) (3.75)
Nigeria Par PD 127 .206 2,047.74 -4,082.86
(.20)* (40.0)
JD .978 .030 -2.98 .612 .285 2,195.73 -4,359.94
(2.86) (9.42) (-1.37)* (10.1) (8.60)
APD 716 147 424 2,060.98 —4,103.05
(2.30)* (32.0) (8.15)
AJD .946 .016 .340 -3.13 574 .244 2,206.47 -4,375.14
(3.26) (7.02) (5.19) (-1.28)* (7.37) (7.34)
(Continued) :OE
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(.00)
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a
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513
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(4.41)

(Continued)
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-1.47
(=33)

-6.77
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(24.5)
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1,552.30
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1,765.54
1,850.62
1,933.54
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1,945.91

sc
-3,474.70
~4,392.75
-3,452.50
-4,640.41
-3,092.08
~3,401.38
-3,096.76

—3,493.5%



TABLE 2. (Continued)

NJe N Buibew3g

Bond Model kx 1CG @ x 10 a, x 1¢ a ux 16 2 x 16 h L SC
Venezuela PD —.493 .203 2,052.40 —4,092.1%
Discount (-.80)* (29.0) 2
JD .136 .045 -1.93 481 .326 2,129.47 —4,227.4%
(.30)* (7.38) (~-.97) (6.99) (7.01) =
APD -.500 .149 .267 2,069.66 -4,120.415
(-.83)* (23.7) (4.75) o
AJD .290 .032 .289 -3.41 .403 278 2,135.05 —4,232.2%
(.63)* (5.84) (4.75) (~1.56) (6.14) (5.55) a.
Venezuela PD -.384 .180 2,091.92 -4,171.22
Par (-.64)*  (32.9) 3
JD .855 .051 -5.61 .516 221 2,186.08 —4,340.6
(2.02) (9.22) (-2.12) (6.28) (5.70) E
APD -.306 .139 242 2,108.54 -4,198.16
(-.47) (26.5) (5.58)
AJD 961 .044 .309 -11.53 574 127 2,198.09 —4,358.34
(2.28) (8.73) (5.51) (-2.54) (3.54) (3.79)

Note: PDisfor purediffusion, JD for jump diffusion, APD for ARCH purediffusion, and AJD for ARCH jump diffusion. The AJD model isspecified
asX(t) =k+oz(t)+ I xy, (1) = a, + a, ( X(t=1)— k)?, where z(t) isani.i.d. standard normal error, JisaBernoulli random variable (J= 1with probability
hand J = 0 with probability 1 -h), and y is normally distributed with megnand variance y*. For the PD and APD models h= 0, and for the JD model
o*(t) =®. Lisforthelog-likelihood and SC for the Schwartz criterion. The estimation of the parameters of the four diffusion processesis based on the
maximum-likelihood estimation method. t—statistics are presented in the parentheses. *Statistically insignificant at the five percent level. The data are
daily and cover the period March 2, 1992 to April 8, 1994.

€8T
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inthejump diffusion model. Thisisexpected because the variance (¢°)
in the pure diffusion case captures the entire volatility of the series
whilethe jump diffusion model assignsaportion of thisvolatility tothe
jump component. The mean jump sizes (W) are, in general, statistically
different from zero. Since the model does not distinguish between
positive and negative jumps, the observed mean jump size can simply
be an outcome of positive and negative jumps canceling each other
during the sample period.** However, the mean jump sizes are of the
same magnitude as the means of pure diffusion (k). This corresponds
to our earlier conjecture, that jump diffusion allows more flexibility in
modeling the skewness of thedata. Asexpected, the ARCH parameters
are statistically significant for all return series. This is evidence that
volatility in the emerging marketsistime-varying and thereisvolatility
clustering in these series.

The estimates of the jump variance (y°) provide additional insight.
First note that in a pure jump model, the jump variances are generally
higher than the variances of the diffusion components. Such largejump
variationsenablejump diffusion model stofit extremeval uesbetter than
modelswithout ajump. For the bonds (table 2), the estimated standard
deviation of jump size (y) is highest for Poland DDRA and lowest for
Mexico Discount. Further, the estimated arrival probability of ajump
per day is highest for Peru and lowest for Morocco. In the case of
country stock indices, the jump standard deviation is highest for the
Polish stock index and lowest for the Mexican stock index. The
estimate of jump standard deviation is lower for the emerging market
equity index and for the U.S. value weighted index.

The U.S. equity markets display lower jump variations and lower
arrival probability than the Latin American equity market index (aswell
as individual countries in the sample). This is expected since
diversification at the index level reduces the overall jump risk and the
U.S. market islessvolatilethan these emerging markets. However, note
that the jump arrival rate and the jump variance of the U.S. value-
weighted returnand L atin Americanindex aresignificantly different are
fromzero. Thisimpliesthat jump risk may not bediversifiable, asthere
exist significant jumps in the return series of the portfolios. This
finding supports the result of Kim, Oh, and Brooks (1994).

14. Thisconjectureis supported whenwe allow mean jump sizeto beafunction of some
exogenous factorsin the later sections.



TABLE 3. Jump Diffusion Estimation for Equity Index Returns

N Buiblew3

Bond Model kx 1C @ x 10 a, x 1C¢ a ux1C »2x 10 h L SC
Argentina PD -.075 .669 1,732.18 -3451.75
(-.07)* (22.7) a
JD 3.717 .209 -9.794 1.129 .387 1,767.68 -3,503.823
(3.21) (5.18) (-2.67) (5.45) 4.77) =
APD .320 .538 .202 1,739.82 -3,460.72 <
(.29)* (17.4) (3.62) 3
AJD 3.449 179 123 1041 1.121 .334 1,774.30 —3,510.7%
(3.19) (4.85) (2.41) (-2.58) (4.65) (4.12) =
Brazil PD .388 .989 1,624.66 -3,236.70 G
(.28)* (18.8) ]
JD -.004 .000 .387 1.030 .991 1,689.09 -3,356.981
(-.02)* (.00) (.09 (17.9) (22.9) §
APD .828 .869 .128 1,624.38 -3,229.85
(.60) (14.6) (2.45) g
AJD .0001 .000 .000 371 1.041 .999 1,707.58 -3,377.32
(.02)* (.01) (.01)* (.26)* (17.7) (23.0)
Mexico PD .210 .264 1,987.75 -3,962.88
(.30)* (22.1)
JD 135 .083 .159 .382 AT72 2,008.99 -3,986.45
(.16)* (4.18) (.08)* (5.98) (4.68)
APD 469 .198 .263 1,999.40 -3,979.87
(.72)* (16.3) (4.64)
AJD -.261 .068 .223 757 .338 .407 2,015.91 -3,993.98
(-.32)* (3.35) (3.49) (.35)* (4.10) (3.27)
(Continued) @



TABLE 3. (Continued)

98T

Bond

Peru

Poland

Venezuela

Model

PD

JD

APD

AJD

PD

JD

APD

AJD

PD

JD

APD

AJD

kx 10

1.332
(1.04)
1.492
(1.22)*
635
(49)*
863
(.75)*
5.349
(2.59)
—.745
(2.48)
6.694
(3.22)
—.670
(=2.25)
~1.046
(-.93)*
-112
(-.11)*
~1.603
(~1.34)*
141
(1.26)*

@ x 10

528
(17.9)
108
(3.61)

1.417
(18.4)
.009
(6.03)

433
(23.0)
197
(6.23)

a, x 1¢

425
(15.2)
.092
(3.33)

1.280
(16.1)
011
(5.38)

338
(15.1)
.000
(.10)

a

208

(2.48)
212

(2.64)

.098
(2.31)

—.006

(-1.76)*

250

(4.13)
224

(3.43)

(Continued)

ux1c

-.320
(-.10)*

—.364
(-.09)*

10.83
(2.76)

10.87
(2.72)

-5.183
(-.73)*

-1.326
(—.97)*

2 x 10

837
(5.62)

845
(4.75)

2.450
(8.95)

2.484
(8.73)

1.296
(2.98)

422
(14.3)

501
(5.75)

394
(4.36)

562
(17.4)

556
(16.9)

.180
(2.52)

817
(20.2)

1,113.04
1,135.50
1,115.46
1,138.79
945.10
1,099.99
944.67
1,097.69
1,146.68
1,176.05
1,150.81

1,170.26

SC

~2,214.42
-2,241.86
-2,213.45
~2,242.63
~1,878.55
~2,170.84
-1,871.87
~2,160.42z
c

—2,281.70%

uolre

—2,322.95
SR

14

-2,284.15

—2,305.57

feu.anor aoueu



TABLE 3. (Continued)

Buibew3

Model kx1C A x 10 a, x 1¢ a L SC 5
2
PD 334 170 2,108.59  —4,20457 &
(59)*  (23.5) 8
JD 1.081 112 2,125.48  —4,219.412
(1.67)* (7.95) S
APD 665 123 299 2,121.21  —4,223.50
(1.21)* (21.6) (5.09) )
AJD 528 .006 252 2,127.66  —4,217.48F
(.71)* (1.10) (4.36) @
PD 301 .030 2,590.75  -5,168.88
(1.27)*  (24.2) 3
JD 671 .015 2,614.88  —5198.219
(2.55) (6.55) g
APD 418 .027 .103 2,589.58  —5,160.24
(1.75)* (18.5) (2.97)
AJD .666 .015 011  -1518 .058 239 260952 -5181.91
(2.49) (6.16) (40)* (-1.38)*  (3.72)  (2.76)

Note: PD isfor pure diffusion, JD for jump diffusion, APD for ARCH pure diffusion, and AJD for ARCH jump diffusion. The AJD model is
specified as X(t) = k + o z(t)+ I xy, o(t) = a, + a, ( X(t=1) — k)2, where z(t) isan i.i.d. standard normal error, J is a Bernoulli random variable (J=
1with probability h and J = 0 with probability 1 -h), and y is normally distributed with megnand variance y*>. For the PD and APD models h=0,
and for the JD model ¢*(t) = ¢®. L isfor thelog-likelihood and SC for the Schwartz criterion. The estimation of the parameters of the four diffusion
processes is based on the maximum-likelihood estimation method. t-statistics are presented in the parentheses. *Statisticalbninsighéifive
percent level. The data are daily and cover the period March 2, 1992 to April 8, 1994.

18T
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B. Jump Diffusion Models with Time-Varying Jump Sze

Table 4 presents the results of estimating ajump diffusion model with
time-varying jump sizes for bonds, as specified by equation 5.
According to equation 5, the mean jump size for bond returns is
specified as a function of contemporaneous, one-day lagged, and one-
day forward daily returns on the Federal Funds Rate, returns on the
home country stock index, and returns on the U.S. equity market.

As shown in table 4, the coefficients of contemporaneous home
country equity returns are positive and statistically significant for all
sovereign bond returns. This implies that if there is a jump in the
country’s bond returns, the mean size of this jump is positively
correlated to the performance of the home country equity index. In
other words, a positive shock in the home country stock market is
correlated with a positive shock in its bond returns and vice versa.

For most of the bonds, the return on the U.S. equity index is
significantly, positively correlated to the mean jump size. A 1%
increase in the return of the Mexican stock index will cause an increase
of .23% in the mean jump size of the Mexico Par bond on the same day.
Similarly, a 1% decline in the return of the U.S. equity index will cause
a decline of .64% in the mean jump size of the same bond. In addition,
the lagged return of the U.S. equity index has a positive and significant
effect on shocks in the emerging markets, i.e., the shock from the U.S.
equity index is experienced in these markets on the next day, too. The
only exceptions are the Mexican bonds, where a jump in the U.S. equity
index is fully impounded on the same day (with no lag effects). Given
the evidence that the home country lagged equity index is insignificant
in explaining mean jump size, we infer that emerging bond markets
react faster to shocks in the honoaitry equity markets than shocks
in the U.S. equity markets. Finally, the return on federal funds is not
significant in determining the size of the jump.

A possible explanation for this finding is that these sovereign bonds
carry significant country risk. About half of the bonds in the sample
have no underlying collateral (registered loans) and the other half have
principal backed by U.S. treasury securities and a rolling interest
guarantee. Since these bonds carry significant default risk (most of the
registered loans have defaulted on interest payments; more information
on each bond is contained in appendix A), their behavior would
resemble that of a residual claim. Taking this logic a step further, these
bonds would display equity characteristics and therefore the bond
shocks are correlated with shocks in the home country equity market.
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TABLE 4. Jump Diffusion With Time Varying Mean Jump for Bond Returns

Brazil Brazil Mexico Mexico Peru Poland Venezuela Venez.
Exit IDU Discount Par CB Discount  Par

kx1® 470  .445 378 1.089 2573 -209  .038 1.251
(2.51)  (L.01)* (3.27) (5.40) (L.73)* (=.34)* (05)* (1.99)
#x1¢¢ 007 .07  .003  .011 226  .030  .064 .06l
(9.67) (4.49) (8.11) (9.41) (5.71) (4.30) (4.46)  (6.63)
h 375 496 397 276 368 511 411 276
(12.5)  (7.88) (123) (855 (5.84) (8.38) (5.19) (5.02)
#x1¢ 312 121 .088  .159  .884  .343  .318  .280
(11.9) (10.7) (11.3)  (7.75) (4.56) (8.23) (5.48) (5.16)
c 031 017 -001  .027  .146  .018  .019  .004
(1.94)* (115)* (-01)* (2.09) (2.83) (75 (59)* (.90)*
¢, -107.21 -135.17 92.34 -290.37 66.72 227.57 279.75 221.71
(=33 (=52)* (9L)* (-157)* (07)* (79% (82 (27)*
¢, -22673 37.84 -113.16 -19.98 -1357.4 -124.87 -41.86 331.65
(=61)*  (20)* (-1.14)* (=.15)* (-1.37)* (=.38)* (=12)* (.42)*
-34.78 -97.12  20.58 -30.84 -377.40 —297.75 —447.32 —636.70
(-11)* (-48)* (15 (=.21)* (=53)* (-78)* (-.96)* (-.67)

d, 130 155 133 234 323 292 371 347

(2.72) (4.18) (2.55) (3.49) (2.05) (3.46) (3.55) (2.49)

d, 031  .052 055 057 -.081 -005 —.047 -019
(75)%  (1.29)* (L40)*  (.89)* (=.65)* (=.07)* (=47)* (-.13)*

d, -032 033 073 .066  .133  .084  .162  .117
(=72 (97)* (L.6O)*  (91)*  (63)* (L.21)* (1.48)*  (.99)*

e 074 730 164  .645 3.604  .530 1.047  2.234
(26)* (3.68) (1.52)* (3.04) (6.46) (1.80)* (2.62) (3.08)

e, 518 325 095 211 1350  .591  .469  1.148
(1.65)* (1.99)  (6B4)* (80)* (2.29) (L59)* (1.42)* (2.21)

e, 261 -114 -010  .238 -1.333  .176  .400  .680

(1.21)* (—.78)* (-.08)* (L.O7)* (-2.40)  (.055)* (1.13)* (1.24)*
LogL 2349.56 1632.73 2650.32 2491.76 1085.9 1294.13 1281.76 1327.65

Note: The jump diffusion process is specifiedkéy =k + ¢ z(t) + J x y, wherez(t) is
an i.i.d. standard normal errdr= 1 with a probability oh andJ = 0 with probability 1 -h,
y is normally distributed with megx(t) and variance y?, and u(t) = ¢, + ¢, FFF, + ¢, FFF_,
+Cy FFF,, +d, HR + d, HSR , + dy HSR, + € UR +d, USR , + d; USR,,. FFRisthe
Federal Funds Rate, HSR, is the home country equity index return, and USR, isthe U.S. equity
stock index return. The data are daily and cover the period March 2, 1992 to April 8, 1994.
Estimation is carried out using the maximum-likelihood method. T-statistics are presented in
the parentheses. *Statistically insignificant at the five perecnet level.

This hypothesis is further supported by evidence that the U.S. equity
market returnissignificant in explainingthemeanjump sizeinthebond
market while the U.S. interest rate is not.

Table 5 presents results when mean jump size in country equity
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TABLE 5. Jump Diffusion With Time Varying Mean Jump for Equity Returns

Argentina  Brazil Mexico Peru  Poland Venezuedla LAMR

kx1¢ 4549 -011  -107 1123 -745 —460  .656
(3.47)  (=01)* (=11)*  (86)* (-2.49)  (—.42)* (58)*
Ax10° .196 .00 .038 .099 .009 193 .046
(6.75) (00)* (3.07) (3.04) (6.02) (7.33) (3.39)
h 463 977 .699 552 563 203 .690
(7.50) (18.8)  (11.13)  (5.46) (17.4) (3.48)  (9.07)
2x10° 664 816 245 674 2215 582 .106
(7.67) (14.4)  (10.6) (5.46) (8.79) (2.15) (5.09)
G .003 027 002  —.023 145  —031  .004

(11)*  (L12)*  (22)* (—=62)* (2.97) (=50)* (.56)*
c, -375.6  157.04 -162.78 544.49 -168.58 56571 -82.84
(-1.07)*  (55)* (-1.12)*  (94)* (=.18)*  (.37)* (=.74)*
c 159.27 -152.29 249.99 134.44 -907.44 -590.40 176.89
(44)*  (=55)* (1.85)*  (32)* (-1.34)* (—.44)* (1.65)*

c 66.94 -308.13 -109.77 -409.14 -468.82 409.86 —150.06
(28)* (-1.02)* (-.74)* (-.86)* (=.51)*  (.28)* (~1.43)*
d, 3.142 972 764 186 097 1136  .651
(4.83) (6.65) (5.85) (2.44) (61)* (3.29) (8.38)
d, 177 -.085 105 154 179 991 .005
(47  (=52)*  (73)* (1.98) (81)* (2.11)  (.06)*
d, 2.011 343 .092 .097 064 023 177
(3.19)  (2.47) (83 (1.26)* (29  (.06)* (2.16)
e 442 221 1.01 ~.074 591 -1.737 761
(96)* (79 (5.63) (=17)* (89 (-2.31) (5.27)
e 500  —.168 152 269 811 -1.212  .205
(1.30)* (=56)*  (84)*  (59)* (1.29)* (-.78)* (1.42)*
e, 229 .004 121 —-322 1015 -.304 —.045

(47)*  (01)*  (73)* (-.66)* (1.18)* (-.23)* (-.39)*
L 1,753.33 1,184.61 2,015.74 1,12552 1,109.53 1,187.02 2,079.11

Note: Thejump diffusion processis specified asX(t) =k + o z(t) + J x y, wherez(t) is
an i.i.d. standard normal errdr= 1 in a case of a jump with a probabilityroandJ = 0
in case of no jump with probability 1k y is normally distributed with megu(t) and
variance %, and W(t) = ¢, + ¢, FFF, + ¢, FFF,_, +c, FFF,, +d, HBR + d, HBR; + d,
HBR.; + e USR +d, USR_; + d; USR,,. FFR isthe Federal Funds Rate, HBR, isthe home
country bond return, and USR, isthe U.S. equity stock index return. The data aredaily and
cover theperiod March 2, 1992 to April 8, 1994. Estimation is carried out using maximum
likelihood method. t-statistics are presented in the parentheses. *Statistically insignificant
at the five percent level.

returnsis afunction of contemporaneous, lagged, and forward returns
onthe Fed Fund Rate, returns on the bond(s) issued by that country, and
U.S. value-weighted equity returns. The bond returns are positively
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related to mean jump size for all countries except Poland, while the
effects of the U.S. equity index returns are mixed. Clearly, thereis a
connection between the bond market and equity market in the same
country, i.e., both markets experience shocks at the same time.
However, the U.S. stock market is related to jumps in the emerging
bond marketsbut not inthe emerging stock markets. Anexplanationfor
this phenomenon may be thetrading location. The emerging bonds are
traded predominantly in New Y ork and London while the stock indices
aretraded only in the home countries. ShocksintheU.S. equity market
may affect traders in the emerging bond markets more because these
traders are closer to the source of the shocks than traders in the
emerging equity markets.

In sum, this article suggests that both bond and equity markets in
emerging countries carry significant country risk and that the emerging
bondsin this article also have exposure to the U.S. equity market.

[11. Summary and Conclusions

Itiswell known that emerging financial markets are extremely volatile.
Given the conjecture that extreme values in the data may be due to
sporadicreleasesof information, thisarticleemploysthe purediffusion,
jump diffusion, ARCH pure diffusion, and ARCH jump diffusion
models to model the daily return series of several emerging bond and
stock markets. In addition, it attempts to identify some sources of
information surprises in emerging stock and bond markets.

The results show that the ARCH jump diffusion model fitsthe data
better than a pure diffusion model, and the jump diffusion model
performs better than both the pure diffusion and ARCH pure diffusion
models. Also, shocksinthe U.S. value-weighted equity index relate to
shocks in the emerging bond market but not shocks in the individual
country equity market.

Theseresultshaveimportant implicationsfor risk management, asset
alocation strategies, hedging, and pricing of derivatives in these
markets. For example, risk measures such as Value at Risk depend on
correct specification of thereturn distribution. Asshown by Duffieand
Pan (1997), different distributionsproducedifferent VARsand different
predictionsof extremeevents. Theadequacy of risk-reserve capital that
is based on these estimates depends on the correctness of the
distribution assumption. Our results suggest that jump diffusion may be
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used for modeling bonds and equities from emerging markets.

Furthermore, identification of the appropriate empirical distribution
and sources of jumpsin the emerging markets all owsthe choice of more
appropriate modelsfor pricing options on emerging market securities.™
Thishasbecomeespecially useful sincein 1996 the Chicago Mercantile
Exchange introduced options on Brady Bonds issued by Argentina,
Brazil, and Mexico, which are included in our sample. In addition, the
results on jump risk sources can serve as a guide in selecting hedging
strategiesfor investors, who want exposure to only specific country risk
factors, as opposed to risk from U.S. interest rates and stock markets.

Thefindingsin thisarticle open several avenuesfor futureresearch.
First, thereisaneed for derivative pricing model swhich do not assume
that the jump risk isdiversifiable. Secondly, these results establish the
need for a theoretical model other than the mean-variance framework
for implementing asset allocation strategies when returns of the
underlying security do not follow the normal distribution. Finaly, it
would be interesting to compare the performance of VAR estimation
using jump diffusion to approximatethedistributionto VAR estimation
using tail distribution.

Appendix A
Bond Descriptions

Brazl Exit

Thesebonds, issued on August 31, 1989, mature on September 15, 2013. They
carry a fixed interest rate of 6% and the issue size was $1.1 hillion. The
repayment isintheform of apro-ratasinking fund and these bondsaredligible
for debt equity conversion. They areregistered loans and neither principal nor
interest is collateralized.

Brazl IDU

TheInterest-Due-and-Unpaid bondswereissued by the Federative Republic of
Brazil on November 20, 1992, retroactively to January 1, 1991. These bonds
mature on January 1, 2001. The face value of al outstanding IDUs is
approximately US-$7 billion. The coupon is step-up/floating: 7.813% to 1/92,

15. Merton (1976a, 1976b) and Naik and L ee (1990) provideamodel to compute option
prices when the underlying stochastic processis a jump diffusion process.
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8.375% to 1/93, 8.750% to 1/94 and 6-month LIBOR to 1/2001 and is paid
semi-annually. Neither principal nor interest is collateralized.

Mexico Par Bonds

Thesebonds were issued as part of Mexico’s debt restructuring program. They
were exchanged for outstanding debt on March 28, 1990. Approximately $16.8
billion worth of bonds were issued. The bonds are denominated in U.S. dollars
and have a face value of $250,000. They are registered on the lawgmb
stock exchange but are governed by the law of the State of New York. The
bonds pay a fixed coupon of 6.25% on a semi-annual basis. They mature on
December 31, 2019. The coupon dates are March 30 and September 30.
Interest is collateralized by a deposit of 18 months of interest payments.
Principal is fully collateralized by U.S. Treasury zero-coupon bonds and is
payable in full at maturity. The bonds also include a call feature that permits
the Mexican government to retire them by paying the principal and accrued
interest on any coupon date. Starting on July 1, 1996, in addition to the coupon
payments, the holders of these bonds are eligible to receive quarterly payments
based on Mexican oil exports. However, these payments cannot exceed 30%
of Mexico’s quarterly oil exports.

Mexico Discount

These bonds were also issued as part of the Mexican debt restructuring
program. Approximately $8.3 billion worth of bonds were issued at a discount

of 35%. They are similar to the Mexico Par bonds described above with the
exception that they make variable coupons which are set at a premium of 13/16
over the 6-month LIBOR, and these coupon payments are collateralized at an
interest rate of 10%.

Morocco

The tranche A of the restructuring and consolidation of debt as an outcome of
the 1985-88 refinancing agreement was issued on September 20, 1990. The
bond matures on January 1, 2009, and the issue size was $2.8 billion. The bond
has a floating rate coupon 6-month LIBOR+0.8125% and repayment is in the
form of a pro-rata sinking fund. This is a sovereign loan guaranteed by the
Kingdom of Morocco. It has no underlying collateral.

Nigeria Par

Approximately $2.1 billion of these bonds were issued on January 21, 1992 in
exchange for outstanding debt. The bonds mature on November 15, 2020.
They are also registered on the Luxembourg Stock Exchange, and are governed
by English Law. Their principal, $250,000, is fully collateralized by U.S. zero-
coupon Treasury bonds and repayable in full at maturity. The semi-annual
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coupon payments on these bonds were made at the rate of 5.5% until January

1995, at which point the coupon rate increased to 6.25%. Interest payments

are collateralized for 12 months at arate of 6.25%. Thecollateral ison deposit

at the Bank of England. Like the Mexican bonds, these bonds are callable for

face value plus accrued interest. Qil-indexed payment adjustment coupons

were also issued with each bond. Each coupon has a face value of $1,000.
Beginning in November 1996, each coupon entitled the holder to a payment

based on the amount by which the average price of “Bonny Light” oil six
months prior to the payments date exceeds $28, a reference price which will be
adjusted for inflation each payment period. These semi-annual payments are
not to exceed $15 per coupon and are subject to cancellation if Nigerian crude
oil output for the six months preceding a coupon date falls below 92.5% of the
base production of 1.74 million barrels per day.

Panama

This is a registered loan guaranteed by the Republic of Panama. This loan was
issued on October 31985, and matured on September 30, 1997. The issue
size was $0.6 billion and it carried a floating coupon of 6-month LIBOR plus
1.375%. This bond had no underlying collateral and has not been serviced
since March 1988.

Peru CB

This is a sovereign loan issued by the Republic of Peru. The approximate issue
size is $.8 Wion. This loan is an outcome of a credit agreement reached on
May 31, 1983. The bond’s maturity date was July 31, 1991. The bond has not
been serviced since and it is currently under default. It has a coupon rate of US
prime plus 2.25% or LIBOR plus 2.25%.

Poland DDRA

The issue size of the Poland Debt Deferral and Restructure Agreement was
$8.44 billion. They were issued on July 20, 1988, and mature on December 31,
2002. The coupon rate is 6-month LIBOR + .8125% and repayment is in the
form of a bullet. The bond is a registered loan with Dresdner Bank as the
international agent. Neither principal nor interest is collateralized. Interest has
not been paid since January 4, 1989. Accrued wammhid interest was
estimated at 23% as of February 2, 1993.

Venezuela Par

Approximately $6.6 billion of Venezuela Par bonds were issued on December
18, 1990, in exchange for outstanding debt. The bonds mature on March 31,
2020, and resemble the Mexican par bonds except for their coupon payments,
interest guarantees, and oil-related payments. The coupon rate for these bonds
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is fixed at 6.75% and is collateralized by a deposit covering 14 months of
interest. Each bond was issued with five oil-indexed payment obligations per
$1,000 of face value. Beginning with the coupon payment in April 1996, on
the date of each subsequent coupon payment, each payment obligation entitles
the holder to a payment equal to the difference between the average price for
Venezuelan crude for the preceding 12 months and $26. The strike price of
$26 will be adjusted to reflect the U.S. inflation rate. The payments are not to
exceed $3/obligation and are subject to suspension of the payments on these
obligations if the volume of oil exports declines by more than 7.75%.
However, payments will be allowed to accrue and will earn interest at the
LIBOR.

Venezuela Discount

On December 18, 1990, approximately $1.18 billion of thesebondswereissued
at adiscount of 30% in exchangefor outstanding debt. The bondsarevirtualy
identical to the Venezuela Par bonds described above with the exception that
their coupons pay apremium of 13/16% over LIBOR and are collateralized by
a deposit equaling 14 months’ interest at 9.75%.

Appendix B
Derivation of the Likelihood Function

In ARCH jump diffusion model the returns at titnare specified as

X@t)=k+o(t)z(t)+ I xy, and

a*(t) =g, +a[X(t-1) - k]?,

wherez(t) is i.i.d. standard normal,is a Bernoulli random variable taking the
value of § = 1) in the case of a jump with probabilityand the value of zero
(J=0) in the acse of no jump with probability h—The random variablgis
normally distributed with meap and variance y* and it is stochastically
independent of z(t). The parametersto be estimated are k, a,, a, h, 1 and %
The likelihood of each X(t), conditional on the values for the parametersis,

P(X(t)) =P(J=0)x f(X(t)|dJ=0)

+P(I=1) x f(X(1)I=1)
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__1-h (_E(X(t)—k)z]
J2mo(t)? 2 o)’

N . (_1(X(t)-k-/~1)2]_
\/27T(0'(t)2 +y%) 2 (o)’ +y?)

The likelihood of the data series is the product of all P(X(t)) and the log
likelihood is then expressed as equation 5.
Notethat in ajump diffusion without ARCH effects, o(t)? is replaced by ¢

and with ARCH effects by a, + a,[ X (t —1) — k]*. In apure jump diffusion

model, ¢° is a parameter and the parameter space in a pure jump diffusion
model contains k, ¢, h, Y4, and °. In an ARCH model, thereisno jump, so h
isrestricted to be 0 and 1 and y* areirrelevant. ¢ gtill varies and the parameters
in an ARCH model are then k, a,, and a,. In a pure diffusion model, the
parameters to be estimated are only k and o
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