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Abstract

This paper proposes a new approach for modeling extreme dependence between global stock
markets. We explicitly define local, regional and global crashes and model the evolution of
these crashes with an ordered logit model. Applying our approach to daily stock market
returns of emerging and developed markets we find evidence for interdependence as well
as contagion effects. Particularly, we find that interest rates, bond returns and volatility
are important factors for the probabilities of observing the different types of stock market
crashes. Contagion, on the other hand can be characterized as a domino effect, where local
emerging market crashes evolve into regional or even global crashes. From a practical point
of view, we show that an ordered logit model, including local and regional crashes, is able to

predict global crashes better than a binary logit model for global crashes only.
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1 Introduction

Stock market crashes are one of the major risks that investors face. Although such crashes
occur infrequently, their impact on the value of asset portfolios can be substantial. The
October 1987 crash, for example, made stock prices decline by 20 percent or more in most
developed markets around the globe. In emerging stock markets, crashes can be even more
severe. In addition, as emerging stock markets are commonly quite susceptible to shocks,
crashes occur more often in those markets. While many of these crashes are “local” and
remain limited to an individual market, some spread to other emerging markets, resulting in
regional stock market crashes. Some may even evolve into global crashes, where developed
markets are also affected. The 1997 Asian crisis, for example, originated in Thailand, then
infected other developing Asian countries and finally even financial markets in the United
States and Western Europe were affected.

For investors as well as policy makers it is important to know whether crashes stay lo-
cal, or whether a “domino pattern” occurs, with local crashes evolving via regional crashes
into global crashes. If crashes remain local, they are relatively easy to hedge. However, if
crashes spread regionally or even globally, hedging will be more difficult, as diversification
opportunities rapidly diminish.

This study empirically examines how local emerging market crashes evolve into more
severe crashes. We model the occurrence of local, regional and global crashes by means
of an ordered logit model, making use of the fact that the different types of crashes have
a natural ordering in terms of their severity. This allows us to consider multiple countries
simultaneously and to investigate the transmission mechanism of crashes from local to re-
gional and global levels. In particular, we test whether the occurrence of the different crash
types can be linked to other financial variables, such as interest rates and currency depre-
ciations. Furthermore, we investigate the presence of residual dynamics in the evolution of
crashes after the removal of the effects of other financial variables.

We apply this approach to daily stock market prices for the US, Europe and several



emerging markets in Latin America and Asia for the period from July 1996 to July 2007. We
relate the occurrence of local, regional and global stock market crashes to information from
the currency, stock and bond markets.

Our main results can be summarized as follows. First, we find that bond markets re-
turns, interest rate levels and stock market volatility are important determinants of local,
regional and global crashes, while currency changes are not. Higher interest rates and higher
stock market volatility lead to higher probabilities of more severe crashes, while higher bond
returns on average lead to lower crash probabilities. Second, we find evidence for residual
dependence, which cannot be explained by the financial variables. Local, regional and global
crashes on the previous day have substantial influence on today’s probabilities of observing
more severe crashes. This indicates that, like a domino pattern, probabilities of observing
more severe crashes become higher when a crash occurred yesterday. Third, we do not find
that the relation between the financial variables and crash likelihood depends on the type of
crash that occurred the day before. Finally, we find that our model, allowing for different
types of crashes including local and regional ones, leads to more precise estimates and is
more successful in detecting and forecasting global crashes than a binomial model for global
stock market crashes only.

We contribute to the literature in different ways. First, we explicitly distinguish between
local, regional and global crashes. This adds to the approach of Bae et al. (2003) and to
a lesser extent Cumperayot et al. (2006). For example, Bae et al. (2003) use the number
of simultaneous extreme returns as dependent variable in a multinomial logistic regression
model and find significant relationships with interest rates, changes in currencies and condi-
tional stock market volatility. They however focus only on one continent at a time and do
not investigate which part of the dependence can be attributed to reactions on shocks in other
financial markets and which to residual dependence. We explicitly extent this study by in-
cluding global crashes in our analysis. These global crashes are most important for investors
and regulators, because diversification opportunities evaporate in this case.

Second, we add to the ongoing debate on contagion and interdependence, as defined in



Dornbusch et al. (2000), by using a framework in which we allow for both types of spillovers.
Interdependence means transmission of shocks resulting from the normal dependence be-
tween markets, such as trade links and geographical position. So, interdependence refers to
the dependence that exists in all states of the world. Contagion, on the other hand, constitutes
a dependence that exists only for large or extreme shocks to financial markets. Contrary to
interdependence, this dependence does not exist in tranquil periods. Additionally, it can-
not be linked to observed changes in macroeconomic or financial variables. Dornbusch et al.
(2000) argue that this type of dependence is a result of “irrational” phenomena, such as finan-
cial panic, herd behavior and loss of confidence. We define contagion as the dependence that
still exists, after correcting for interdependence that always hold. Thus, interdependence can
be defined as the expected dependence while contagion is the unexpected dependence. Our
research enables us to distinguish between contagion and interdependence in the occurrence
and evolution of local, regional and global crashes.

Numerous other studies concerning interdependence and contagion are mostly based on
bivariate analyses, and do not investigate dependencies at the global level. The most pop-
ular approach is based on correlations between returns in different markets (see King and
Wadhwani (1990), Lee and Kim (1993), Loretan and English (2000), Forbes and Rigobon
(2002)). A second approach attempts to model the volatility transmission mechanism by
means of multivariate GARCH models (see Hamao et al. (1990), Longin and Solnik (1995)
and Ng (2000)). Other studies use extreme value theory (see Kaminsky and Schmukler
(1999), Longin and Solnik (2001), and Hartmann et al. (2004)) to avoid the problem that
increased correlations in periods of turmoil may be mostly a result of increased volatility
(Loretan and English (2000), Forbes and Rigobon (2002)). Rodriquez (2007) uses copulas
to measure contagion and finds evidence for contagion based on changes in dependence of
extreme returns. Fazio (2007) uses a bivariate framework to investigate the difference be-
tween interdependence and contagion for currencies. He concludes that contagion occurs
only regionally and that interregional transmissions are mostly interdependence. Connolly

and Wang (2003), also in a bivariate set-up, assess differences in interdependence and con-
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tagion for Japan, UK and the US, finding that comovements of the equity markets cannot
be explained by public information on macroeconomic fundamentals, rejecting interdepen-
dence.

The paper proceeds as follows. In Section 2 we describe our data set, and provide the
definition of a stock market crash as well as the classification into local, regional and global
crashes. Section 3 discusses the methodology based on the ordered logit model. In Section
4 we discuss the empirical results concerning the dynamic patterns in the different types of
crashes obtained by means of the ordered logit model. In Section 4 we also report several
sensitivity tests to check the robustness of our results. Section 5 explores the economic
relevance of our model compared to “standard” binomial crash models. We conclude in

Section 6.

2 Data and Crash Classification

2.1 Data

We obtain country indices for the emerging stock markets from the IFC emerging market
database (EMDB), currently produced by Standard & Poors. We include six countries from
Latin America; Argentina, Brazil, Chile, Colombia, Mexico and Venezuela, as well as six
countries from Asia: India, Korea, Malaysia, Philippines, Taiwan and Thailand. We also
obtain the regional IFC indices for Latin America and Asia. For the United States and Eu-
rope we use MSCI equity indices. Although Europe exist of more countries rather than one,
we do not consider local crashes in Europe for two reasons. First, the markets in Western
Europe are highly integrated. Defining Europe as one market therefore seems appropriate.
Second, the United States and Europe have the same characteristics using these definitions.
We base our analysis on daily returns for the period from July 1, 1996 until July 30, 2007,

giving a total of 2871 observations. All the data are provided by DataStream.



[Insert Table 1 around here]

Table 1 provides summary statistics of the log daily stock returns for the full sample
period, July 1996 - July 2007. Within the emerging market countries the annualized average
returns vary widely, ranging from a minimum of -7% in Thailand to a maximum of 16% in
Mexico. The annualized volatilities also show large variation across countries. For example,
the Chilean stock market has a volatility of 17% only, while the volatility in Korea is much
larger and equal to 42%. For most countries volatility exceeds 25%, indicating the relatively
large investment risk typical for emerging markets. For many of the emerging markets that
we consider kurtosis is also substantially higher than for the developed markets, suggesting
that extremely large returns occur relatively more often. Interestingly, skewness is negative
for the Latin American countries, while it is positive for the Asia market except India. The
lowest return in the sample was observed on 29 November 2002, when the Venezuelan index
lost 46% of its value. We see that the maximum returns can also vary from moderate (Chile,
India, Taiwan) to very high (Venezuela, Korea, Malaysia, Philippines). The regional indices
show that emerging markets are riskier than developed markets, while the average returns
perhaps are not as high as might be expected to compensate for this higher risk. This can
be explained by the 1997 Asian crisis and the 1998 Russian debt crisis, which considerably
depressed emerging market returns. Average yearly returns computed over the period 1999 -
2007 are equal to 21, 13, 2 and 5 % for Latin America, Asia, the US and Europe, respectively,
which are more in line with their respective volatilities.

The entries below the main diagonal in the bottom part of table 1 are the linear correla-
tions between contemporaneous daily returns. For the regional indices, we observe that the
correlations between the US, Europe and Latin America are of the same order of magnitude
around 0.50. The correlations between Asia and the other regions are lower, especially the
correlation between the US and Asia (0.09). This lower correlation mainly is a result of
different trading times of stock markets around the globe. As trading on a given calendar

day starts in Asia, then moves to Europe, and ends in the United States, information from the
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European and (especially) the US stock markets cannot affect the Asian market on the same
day, such that these correlations (mostly) measure the effect of the Asian market on Europe
and the US. The reverse effect can be measured by means of the correlation between today’s
returns in Asia and yesterday’s returns in Europe and the US, which are equal to 0.29 and
0.38, respectively.

The correlations between individual countries in the emerging market regions are some-
what lower on average. The average correlations between countries within Latin America
and Asia are equal to 0.29 and 0.24, respectively, while the average cross-correlation (the
correlation between the countries in Asia and Latin America) is only 0.12. We do note,
though, that the correlations between the four largest Latin American markets (Argentina,
Brazil, Chile and Mexico) are considerably higher at around 0.50, comparable to the corre-
lation among developed markets. The correlations between the individual emerging market
and US or European indices also are quite low, indicating a weak dependence between these

markets.

2.2 Crash definition and classification

Following Bae et al. (2003), a stock market crash in a given country is said to occur when
the daily return lies below the lower 5th percentile of the empirical return distribution. A
local crash occurs when one to three! individual emerging markets experience a crash, while
the respective regional indices do not. A regional crash in Latin America or Asia occurs
when either the regional index crashes, or when four or more country indices in the specific
emerging market region crash. This definition enables us to observe a regional crash in the
emerging markets when four or more small countries crash. If we do not include this addi-
tional regional crash occurrence, results can be driven by large countries such as Argentina,
Brazil, Korea, Taiwan and Thailand. Regional crashes in the United States and Europe occur

when the corresponding MSCI indices encounter a crash. We define a global crash as the

'Results hardly change when we vary this number between three to six markets.



simultaneous occurrence of two or more regional crashes, of which at least one is in a de-
veloped region. Because of the different stock market trading hours we also define a global
crash when the United States or Europe encounter a crash on day t, followed by a crash in
Asiaon day t + 1.

Based on the definitions given above, from the total sample period of 2871 days we
find 1842 days with no crashes, while on 616 days a local emerging market crash occurs.
On 271 days we observe a regional crash, and finally a global crash occurs on 142 days of
the sample We find that regional crashes occur little more often than once every two weeks
and global crashes occur about once a month. Although the latter seems quite frequent,
crashes occur in clusters resulting in relatively short periods with several global crashes,
followed by relatively longer periods with hardly any global crash. To examine whether
these numbers are high or low we compute the numbers of crashes we expect if all markets
were independent. Because for all indices we know that the crash probability is equal to
5%, these probabilities for the different crashes can be computed analytically. This results in
1260 days with no crash, and 1066, 497, 48 local, regional and global crashes respectively.
Comparing these numbers to the actual numbers of crashes of different type in the sample
shows that the crash risk involved with investing in equity markets is indeed rather large.
Although the total number of days with a crash is lower, global stock market crashes, which
are the most troublesome for investors, occur 3 times more often than would be expected if
all markets were independent.

The entries above the main diagonal in the lower part of table 1 are conditional proba-
bilities of observing a crash in a specific country, given the occurrence of a crash in another
country. These probabilities give insight into the tail dependence of the stock market returns.
By construction, the same number of crashes occur for all individual markets, and therefore
these probabilities are also symmetric. For the regional indices we find that the probability
of observing a crash given that another region encounters a crash is around 0.30 on aver-
age. For the individual markets in both Latin America and Asia we find substantial variation

in these conditional probabilities, although most are between 0.10 and 0.20. To put these



numbers into perspective, note that if all markets were independent these conditional prob-
abilities would be equal to 0.05. Hence, the empirical conditional probabilities show that

there is substantial dependence in the occurrence of crashes across countries and regions.

2.3 Crash Dynamics

We close this section by documenting some stylized facts on the dynamic properties of the
different types of crashes. In particular, we introduce a diagnostic measure which sheds light
on how crashes evolve. We call this measure the crash transition matrix. The ¢j-th entry of
this transition matrix is equal to the probability of observing a state ¢ = 0, 1, 2, 3, given that
on the previous day state 7 = 0,1, 2, 3 occurred. The numbers 0, 1, 2 and 3 correspond to

no crash and local, regional and global crashes, respectively.

[Insert Table 2 around here]

The empirical crash transition matrix is shown in Panel A of table 2. Several interesting
conclusions emerge. First, for both regional and global crashes we find increasing proba-
bilities of occurrence, conditional on the occurrence of a crash on the previous day. The
probabilities of observing a global crash, for example, increase from 0.03 when no crash
occurred on the previous day, via 0.06 to 0.11 following the occurrence of a local or regional
crash, respectively. This suggests that most global crashes do not occur abruptly but rather
evolve out of prior local or regional crashes. Similarly, the probabilities of observing a crash
(no matter what type) tomorrow increases from 0.28 when no crash occurs today via 0.43 and
0.55 to 0.73 when a global crash occurs today. Second, crashes of a given type are persistent,
in the sense that the probability that a certain crash continues is very much higher than the
probability of occurrence of the same type of crash on two consecutive days if these were
independent. For example, the empirical probability that a global crash continues is 20%,

which is more than 80 times as large as the probability of (%)2 =0.24 % of observing two



consecutive days with a global crash if these occurrences were independent. The same holds
for local and regional crashes. Third, crashes die out gradually as indicated by the relatively
high probabilities that a regional crash occurs tomorrow following a global crash today, or a
local crash following a regional crash.

Forbes and Rigobon (2002) show that increased correlations between returns in different
stock markets in times of extreme downturns can be attributed to the increase in volatility
during these periods. To examine whether our results for the crash dynamics are not driven
by volatility only, we compute the crash transition matrices using crash definitions based on
standardized returns?. Panel B of Table 2 shows this matrix, and we observe that the results
are even stronger than for the normal returns. Therefore we conclude that in our setting the
dependence between markets is not affected by time-varying levels of return volatility.

Our final approach to obtain more insight into the crash dynamics is based on a bootstrap
procedure. To examine whether the crash dependencies are mainly driven by correlations or
whether there are specific crash dependencies we employ the stationary bootstrap of Politis
and Romano (1994). The advantage of this bootstrap method over the standard i.i.d. boot-
strap is the possibility of taking into account autocorrelations of the stock returns, which is
relevant for the emerging markets in our sample. This is managed by not drawing the next
observation in the bootstrap sample completely at random, but to take the next observation
in the natural ordening with a specific probability (p) and a random observation otherwise.
The optimal value of p can be determined using the method of Politis and White (2004)3.
For our data this turns out to be p = 0.50*. If the transmission mechanism of crashes were
mainly driven by linear correlations, then the optimal stationary bootstrapped matrix should

approximate the empirical crash transition matrix.

2We use the sample volatility over the past year to standardize the returns. For the standardized returns, we find
1833, 621, 289 and 128 days with no, local, regional and global crash, respectively.

3This method minimizes the mean squared errors of the variances and autocovariances of the stationary boot-
strapped data, given that the first draw is random.

4We computed the optimal values of p for the four regional indices and then took the average. The individual
values of p for the sample returns are 0.73, 0.83, 0 and 0.42, for Latin America, Asia, USA and Europe respectively.
For the standardized returns these are 0.71, 0.82, 0 and 0.46.
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Panel C show the average transition matrices based on 10,000 bootstrap samples of 2871
observations, corresponding with the length of the empirical return series. Again we observe
higher probabilities for regional and global crashes when a crash occurred on the previous
day. However, the pattern is less clear than for the original data. For the transitions be-
tween regional and global crashes the differences between the original and the bootstrapped
contagion transition matrix becomes particularly large. For instance, the probability of ob-
serving a regional crash today and a global crash tomorrow decreases from 0.11 to 0.07.
Further, the probability that a global crash continues is now 0.11, compared to 0.20 for the
empirical probability. This indicates that there are indeed higher-order dependencies in the
dynamic patterns of crashes, especially concerning the more severe crashes. Again, using

standardized returns has hardly any influence on the results (see panel D).

2.4 Explanatory variables

In explaining the occurrence of crashes we use variables representing information from the
currency market, the fixed income market, and short-term interest rates. For the currency
market we take the average exchange rate changes in Latin America and in Asia. These
variables are constructed by taking the equally weighted average of the daily log changes in
the currencies of all countries in the region against the US Dollar. We expect a positive effect
on the probability of more severe crashes as depreciations lead to a lower value of the stock
index.

To investigate whether shocks in the bond market lead to increased dependence we in-
clude daily returns on well diversified regional bond portfolios. These portfolios consist of
bonds with long and short maturities, issued by sovereign and quasi-sovereign entities. We
expect bond returns to have a negative effect, because positive bond returns indicate eco-
nomic stability.

We also include two variables associated with extreme events in the the currency and

bond markets. Extreme currency depreciations are those depreciations above the upper 5th
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percentile of the empirical distribution of currency returns. For the bond market the extreme
observations are those below lower 5th percentile. The variables are then defined as the
sum over the regions and the past five days of extreme events. We add these two variables
to capture possible overreaction to bad news, not captured by the other currency and bond
variables.

The third group of variables consist of three-month interbank interest rates.> Interest
rates are on average negatively correlated with stock market returns. High interest rate levels
thus are expected to increase the crash probabilities.

In addition to these variables reflecting information from other financial markets, we
consider the use of volatility on the stock market itself to explain the occurrence of crashes.
To obtain a volatility measure we take the RiskMetrics approach with decay parameter A =
0.94, (see JPMorgan and Reuters (1994))°. We compute the daily volatility on each of the
regional stock market indices described in Section 2.1. An higher volatility increases the
probability of extreme negative returns, and therefore we expect a positive relation between
volatility and the crash probabilities.

Finally, to test for dynamics in the evolution of crashes, we also include dummy variables
of crashes on the previous day, as suggested by the contagion transition matrix. Positive
effects of local, regional or global dummies would induce higher probabilities of observing
a specific crash, if this type of crash has occurred in the previous period.

Table 3 shows that the correlations between the different groups of variables are low and
often insignificant’. This indicates that the different groups of variables provide different
and complementary information. Within the different groups some correlations are higher,
for instance among the interest rate levels. The only correlation which is at a level that may

give rise to concerns about possible multicollinearity problems is that between the US and

For some emerging market countries we use the one-month interbank interest rate, as the three month interbank
interest was not available

®Riskmetrics volatility is computed as 07 = Xo?_; + (1 — A)u?_,, where u;_; is the demeaned stock market
return on the previous day.

"the 5 percent critical values for significance of the correlation coefficients based on a sample of N = 2871, are
-0.04 and 0.04.
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European equity volatility at 0.82.

The explanatory variables are from JP Morgan for the fixed income related variables, and
from Reuters for the currencies. All the data are provided by DataStream. We stress that all
explanatory variables are included in the ordered logit model discussed in the next section

with a lag of one day, such that our models are predictive in nature.

3 Methodological framework

We propose to model the evolution of local, regional and global crashes within the framework
of ordered logit regressions. The type of crash at time ¢ can be seen as the outcome of a
discrete choice process, and given that the different crash types have a natural ordering in
terms of their severity, the ordered logit model seems appropriate for our modeling purposes

We denote the observed crash on day ¢ as ¥, taking the values 0, 1, 2 and 3 when no
crash, or a local, regional or global crash occurs, respectively. The ordered logit model is
easiest understood by introducing a latent variable, y; . The observed crash y; is related with

the latent variable y; in the following way:

yt:() if a0<yz‘<a1
y=73 if o 1<yi<a; , j=2..m-1

yy=m—1 if o, <y <oy

(1)
where in our case m = 4. The «; for j = 0, ..., m are the m threshold variables, where we
define og = —oo and a4 = oo. In the ordered logit model the latent variable y; is assumed

to be linearly related to a vector of explanatory variables z;, that is yi = x}0 + &, with
g; assumed to follow a standardized logistic distribution. In our case, the vector x; consists
of the variables reflecting information from other financial markets, stock market volatility

and the previous crash dummies. Using the link between y; and y; as specified above, the
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probability of observing a crash of type j at time t is given by:
pij = Plyr = j] = Aoy — 218) — a1 — 29), 2)

where A is a logistic function. The ordered logit model can be estimated straightforwardly
using maximum likelihood, where the log likelihood for a sample of t time series observa-

tions is given by
T m

0B, 01, 02,08) = Y > T[ye = j]1og(pes) 3)

t=1 j=1

where I[y; = j] = 1 if observation ¢ was of type j, and zero otherwise. Standard errors of
the estimates are obtained by taking the square root of the diagonal elements of the inverse
of the information matrix. In line with other studies using models with limited dependent
variables, we use the pseudo—R2 of McFadden (1974) as a measure of fit of the model. If the
loglikelihood of the unrestricted model is denoted by ¢; and the log-likelihood of a restricted

model which only includes the threshold parameters by /o, then the pseudo- R?
R*P=1-— 4)

We also perform likelihood ratio tests on the individual and joint significance on the explana-
tory variables in our model. As the marginal effect of variables in a non linear model are not
constant, we examine the economic significance with the use of probability response curves.
These curves show the probabilities of observing a crash of type j at time t as a function of a

specific variable in the vector of regressors ;.
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4 Empirical Results

4.1 Base Model

Table 4 reports the estimation results of the ordered logit model for local, regional and global
stock market crashes. Panel A shows the coefficient estimates, the loglikelihood and the
pseudo-R2 of the regression. Panel B provides results on likelihood ratio tests for the joint

significance of variables within a specific group.
[Insert Table 4 around here]

The first and most important result is that we find evidence for interdependence as well
for contagion. The evidence for interdependence follows from the significant relationships
between the crash probabilities and the different groups of explanatory variables. Part of
the occurrence of local, regional and global stock market crashes can thus be attributed
to dependencies with other financial variables that hold in all states of the markets. The
individual and joint significance of the previous crash dummies indicates that part of the
evolution of crashes cannot be explained by the dependence between stock and other markets
that also holds in tranquil periods, suggesting the presence of contagion effects.

Second, as we find significant relations within the different groups of financial market
variables, we conclude that interdependence occurs through different channels. The vari-
ables within the group of bond returns, interest rate levels and volatilities are all jointly
significant at the 5 percent significance level.® The positive coefficient estimates of the in-
terest rate level and volatility variables are in line with our expectations. Higher interest
rates significantly increase the probabilities of stock market crashes. Increased volatilities

also make extreme returns, and thus crashes, more probable. The coefficient estimates for

8We also considered two relative interest rates: the day-on-day change between two interest rate levels and the
difference of the current interest rate level from its three month moving average. For both these variables there were
no significant results. The same holds for extreme changes in interest rates. Results are not shown here to save
space, but are available upon request.
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the variables in these two groups all show the same sign, indicating that our hypothesis con-
cerning these variables is confirmed for all regions. For the bond portfolio returns we find
mixed evidence. For Latin America, Asia and Europe the estimates show the expected sign,
but not for the US. The positive sign for the US bond return indicates that US bonds are
regarded as a safe haven investment. The currency change variables are both insignificant,
indicating no relation between the crash probabilities and currency changes in the emerging
market regions.

The contagion coefficients related to the previous day crash dummies are individually
and jointly highly significant. This supports our hypothesis that limited crashes have a strong
tendency to evolve into more severe crashes. The local crash dummy estimate, for example,
indicates that the occurrence of a local crash significantly increases the probability of ob-
serving a local, regional or global crash the next day. The results for regional and global
crashes are even stronger. Particularly important is the joint significance of the past crash
dummies and volatility variables. As discussed before, by definition there are more crashes
in times of high volatility. As volatilities are also persistent and highly correlated between
regions, regional and even global crashes can be expected to occur more frequently when
volatility is high than in periods of low volatility. The patterns we observe in the crash tran-
sition matrix in Table 2 could therefore also be the result of the comovement in volatility in
global stock markets. The significance of the previous crash variables clearly indicates the
presence of dependence in the evolution of crashes that goes beyond this volatility effect,
and thus provides evidence for contagion effects.

The coefficient estimate for the extreme currency depreciation indicator is highly signif-
icant, while it is not significant for extreme bond returns. As the average currency returns
are not significant this implies that a stock market reaction only occurs when the emerging
market currencies are adjusted downwards with a substantial magnitude. We also interpret
this relation as some form of contagion from the currency market to stock markets: As this
relation is only there in crisis periods it cannot qualify as interdependence.

Further, for the estimates of the threshold parameters «; we use a Wald test to determine
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whether each «; is significantly different from its adjacent thresholds a;;_1 and aj1. We
find that this is indeed the case and therefore the distinction between the four crash types
seems appropriate. Finally, the pseudo-R2 is equal to 0.07, which is comparable to other
studies predicting crashes. This indicates that the explanatory variables have some predictive

power with respect to crashes.

4.2 Probability response curves

Although the coefficient estimates in ordered logit regressions can be interpreted based on
their significance and signs, they cannot be used to assess the marginal effects of the vari-
ables on the crash probabilities as the model is highly nonlinear. To examine these marginal
effects, and thereby the economic importance of our results, we therefore use probability
response curves. These curves show the probabilities of the different types of crashes for
different levels of a specific explanatory variable z. Varying the value of this variable from
its minimum to maximum, we compute the probabilities of observing a type of crash for all

T observations of the remaining explanatory variables x|z and obtain the averages.

[Insert Figure 1 around here]

Figure 1 reports the probability response curves for all individual variables. Additionally,
it shows a selected number of joint effects for the interest rate and equity volatility variables.
The graphs show that the effects of the different variables on the crash probabilities are also
economically important. In particular, they clearly indicate the economic significance of
both interdependence and contagion.

Starting with interdependence, the probability response curves show that changes in all
types of financial variables lead to sizable changes in the crash probabilities. The effects
seem larger for the bond market and equity volatility variables than for the currency and

interest related variables. The results can be interpreted as follows: suppose for instance
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that the emerging bond markets have an influence on the stock markets we consider. When
relatively large shocks to these bond markets occur, then the influence on the stock markets is
also larger than normal, resulting in a large dependence between the stock markets, although
the dependence structure has not changed. This is exactly what we observe in the graphs.
For the bond market, except for the US, lower bond returns lead to higher probabilities of
regional and global crashes. For the lowest return on the Latin American bond market this
even result in a 25 percent probability of a global crash. The interest rate variables seem to
have less influence on stock markets, although the effects are not negligible. The volatilities
show a little stronger effect than the interest rate variables.

Interest rate levels as well as stock market volatilities are persistent and tend to move
together across the different regions (see also the correlations within groups in table 1). That
is, we would expect the US and European equity volatility to move together, for instance.
Because the coefficient estimates for these variables also have the same sign, it may be more
realistic to assess their effect on the crash probabilities by taking these cross-correlations into
account. We therefore additionally show “joint” probability response curves for these vari-
ables in Figure 1. The joint volatility response curve is computed by varying the volatilities
of the four regions between the respective minimums and maximums. For the joint interest
response curve we do the same. Here the economic relevance of the interest and volatilities
becomes clear. When all volatilities are high the probability of observing no crash is equal
to 23 percent, while there is a probability of 44 percent probability that a regional or global
crash occurs. The joint interest rate curve also shows substantial probabilities of crashes
when the interest rates are simultaneously at a high level, as opposed to the marginal effects
of individual interest rates.

Knowing to which extent financial variables contribute to severe crashes is important for
policy makers as well as investors, as they both want to be able to anticipate on these crashes
before they occur. Although this is not directly related to contagion in the sense of crashes
spreading from local to regional and even global, our results strongly suggest that stability

of exchange rates and bond markets as well as low levels of interest rates and stock market
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volatility play an important role to avoid more severe crashes.

The probability response curves for the previous day crash dummies provide evidence
for the presence of financial contagion. Given that no crash occurred on the previous day,
the probabilities of the different crashes are equal to 70 percent for no crash, 20 percent for a
local crash, 7 percent for a regional crash and 3 percent for a global crash. The percentages
increase substantially conditional on a crash on the previous day. If a local crash occurred
on the previous day these probabilities become 61, 25, 10 and 4 percent. All crashes become
more likely. Thus, when one single emerging market crashes, the investment risk for a well
diversified global investor already increases. This is even more pronounced when a regional
crash occurred. In this case the regional and global crash probabilities almost double to 12
and 5 percent, respectively. The most striking result is obtained when a global crash occurred
on the previous day, following which the probability of again observing a global crash triples
to 9 percent. Regional and local crash probabilities also increase substantially to 18 and 32
percent respectively.

Finally, the extreme currency and bond market graphs indicate that contagion from other
markets to the stock market exists. For the extreme currency depreciations this effect is
stronger than for the bond market. The probability of a global crash increases from 3 to 8
percent as the number of extreme depreciation increase from O to 6, indicating the influence

of emerging currencies on global stock markets.

4.3 Conditional effects

Our base model discussed above provides evidence for both interdependence and contagion,
in the sense that the linkages with other financial variables exist in all states of the stock
market but cannot completely capture the crash dynamics. In this section we explore whether
these contagion effects may be due to differences in the effects of the financial variables
on the crash probabilities conditional on the occurrence of a particular type of crash the

previous day. If, for example, the relations between the financial variables and the crash
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probabilities are found to be stronger in times of turmoil, this can be interpreted as excessive
dependence in the financial markets. This may be then be considered as an intermediate
form of contagion and interdependence.

To test for the presence of this mixed type of interdependence and contagion we proceed
as follows: we interact one of the financial variables x; in the model with the dummy
variables indicating that no crash or a local, regional or global crash has occurred on the

previous day. Thus we obtain four state dependent variables x; Dy = x4;); , where Dy; is

l7 >
the dummy variable taking the value one if crash type j occurs at time ¢ and zero otherwise.
We then estimate a ordered logit model including these four new conditional variables and
the other variables in their original form. We repeat this procedure for each of the financial
variables included in the model, resulting in sixteen separate ordered logit regressions. The
reason for not estimating a model which has coefficients varying with the crash type for all
financial variables simultaneously is the large number (16-4+3+3+1 = 71) of coefficients
in such a model.

If this intermediate form of interdependence and contagion were relevant, we would
expect to find clear patterns in the estimates of the state-dependent coefficients. For instance,
for the average currency change variables we expect to find the coefficients becoming more
negative conditional on more severe crashes, as this implies that the higher the turmoil the
stronger the relation between stock market crashes and currency changes.

To formally examine whether these extensions of the model lead to better classifications
and predictions of the observed crashes, we perform a likelihood ratio test for the null hy-

pothesis that the coefficients (3;;, j = 0,1, 2,3, of the state-dependent variables are equal.

s>
This test statistic is x? distributed with three degrees of freedom corresponding to three pa-

rameter restrictions, ;10 = Bij1 = Bij2 = By3-

[Insert Table 5 around here]

Table 5 reports the regression results and the p-value of the test for equal state-dependent
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parameters for the sixteen estimated regression models. To save space we do not report
the estimates of the other coefficients in these models®. In general we do not observe clear
patterns in the estimates of the state-dependent coefficients. In particular, for almost all
variables the conditional estimates fluctuate around the unconditional estimates of the base
model in a seemingly random fashion. In addition, except for the bond returns and stock
market volatility in Asia, the likelihood ratio tests do not reject the null of equality of the
conditional coefficients, confirming that the relation between crashes and the financial vari-
ables are not dependent on past crashes. Thus, the effects of the financial variables on the
crash probabilities are constant over time and do not depend on the degree of turmoil in
the financial markets. Thus we find no evidence of this intermediate type of contagion and
interdependence.

However, there are some interesting but also counterintuitive results in table 5. First,
while the average currency depreciation in the base model was not significant, this relation
becomes significant when a global crash has occurred on the previous day. . For the average
currency depreciation in Asia we observe the same pattern, but here the coefficients are not
significant. It seems that normal, contrary to extreme, currency depreciations increases the
crash probabilities only if a global crash occurred on the previous day. Thus, in times of high
turmoil investors also seem to take into account normal depreciations.

In the conditional regressions for the interest rates some past crash dummies become
insignificant, while the conditioned interest rate variables remain insignificant. To a lesser
extent this also occurs in the volatility regressions. These are more statistical than econom-
ical results: As the interest rates and volatilities are strictly positive, the dummy variables
and their respective conditional variables attain the value zero or a value larger than zero
simultaneously. This results in very high correlations, around 0.95, between the past crash
dummies and the conditioned variables. Because in these cases the likelihood of the regres-
sions does not improve significantly compared to the base model, we do not go into this

problem further. To summarize, the effects of the explanatory variables do not significantly

9The estimates of the other coefficients hardly change compared to the base model.
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differ conditional on the occurrence of crashes on the previous day.

4.4 Sensitivity tests

In this section we perform several sensitivity tests to assess the robustness of the results of
the base model. First, as discussed before, given that we define the occurrence of a crash
for an individual market using the raw daily returns, our results may be influenced by the
effects of time-varying volatility. We examine the relevance of these effects by estimating
the ordered logit regression with the dependent variable constructed from crashes defined

using standardized returns instead.

[Insert Table 6 around here]

From the estimation outcomes in table 6 we see that, except for the volatility coefficients,
the results do not change substantially. Hence we conclude that the results are not driven by
volatility effects. Our second sensitivity test also relates to the definition of crashes in indi-
vidual markets. We now use the 2.5th lower percentile instead of the 5th percentile, leading
to less crashes for each individual market and, consequently, also less local, regional and

global crashes.

[Insert Table 7 around here]

Table 7 shows that also in this case the results are quite insensitive to this alternative
crash definition. Our final two sensitivity test are based on variations on the crash classifica-
tion as explained in Section 2.2, to examine whether the results are robust to changes in the
definitions of local, regional and global crashes. In the first alternative classification we do

not identify a global crash in case a regional crash occurs in Asia on day t + 1 following a
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regional crash in the US or Europe on day t. Furthermore, we also abandon the occurrence of
regional emerging market crashes when 3 or more individual emerging market in a particular
region crash. In the second alternative classification a global crash occurs when three or four

regions crash instead of two (from which one has to be developed).
[Insert Table 8 around here]
[Insert Table 9 around here]

The estimation results using these alternative classifications hardly differ from the orig-
inal one, see tables 8 and 9. In sum, the sensitivity tests demonstrate that our results are not
driven by arbitrary choices for the crash definitions and crash classifications, and are not due

to the effects of time-varying volatility.

S Comparison with binomial model for global crashes

In this section we asses the economic relevance of our classification of crashes into local,
regional and global crashes. We investigate whether taking into account local and regional
crashes adds value in the prediction of global crashes, compared to a model for global crashes

only.

5.1 In-sample comparison

For that purpose, we compare our ordered logit regression model with a binomial logit model
for global crashes. That is, using the definition that a crash occurs in a given market if the
return falls below the 5th percentile of the empirical return distribution, we classify each
day as either “no global crash” or “global crash” using the classification rules described in

Section 2.2. The resulting binomial series is linked to the same financial variables as used in
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the ordered logit model plus a dummy variable indicating whether a global crash occurred
on the previous day. We then analyse the ability of the ordered logit model and the binary
logit model to predict global crashes. The difference between these two models obviously
provides direct evidence on the importance of taking into account local and regional crashes

for the purpose of forecasting global crashes.

[Insert Table 10 around here]

The estimation results for the binomial model are shown in table 10. Theoretically we
could have a bias here if global crashes have different relations with the explanatory vari-
ables, than local or regional crashes do. However, in section 4.3 we found that this was not
the case. Comparing these results with the estimates for the ordered logit model in table
4 reveals several advantages of using an ordered instead of a binomial approach. First, the
coefficients from the ordered logit model are estimated with more precision than those of the
binomial model. The standard errors of the estimates for the ordered logit model are on aver-
age two times smaller than those of the binomial model. For instance, the standard errors of
the two extreme event coefficient estimates are 0.05 and 0.03 for the ordered model against
0.10 and 0.06 for the binomial model. Second, the ordered model shows more consistency
concerning the signs of the estimates across different regions. For the interest rate and the
equity volatility variables, we find that the estimated coefficients have the same sign for all
four regions in the ordered model, while in the binomial model different signs occur within
these groups of variables.

Jointly modelling local and regional crashes thus increases the precision and the inter-
pretability of the estimates for the explanatory variables. The ordered logit model also uses
the local and regional crashes in the parameter estimation, which increases the total amount
of observed crashes. In this way we avoid one of the weaknesses of binomial crash models,
namely that crashes occur too infrequent to estimate relations with high precision. On the

other hand, from the results in section 4 our model is still capable of distinguishing global
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crashes as different from less severe crashes.

[Insert Figure 2 around here]

Figure 2 shows the estimated probabilities of observing a global crash obtained from the
binomial model and the ordered logit model, as well as the observed global crashes. We see
that a model that simultaneously considers local, regional and global crashes performs better
in detecting global crashes than a model for global crashes only. Particularly periods in which
more global crashes occur are better detected by our ordered logit model. The effects of the
1997 Asian crisis, the 1998 Russian debt crisis are much clearer indicated by the ordered
model than by the binomial model. Further, at the time the internet bubble burst (around
March, 2000) the ordered model clearly shows increased global crash probabilities, while
the binomial model hardly indicates the presence of any turmoil in financial markets. During
the turbulent period between 2001 and 2003 the binomial model produces somewhat higher
global crash probabilities than the ordered model. However, in those periods the ordered
model’s crash probabilities are also relatively high. After 2003 less global crashes occurred,
but for the crashes that did occur, the ordered model is more successful in detecting these
crashes than the binomial model. This holds in particular for the period between December

2003 and December 2005.

5.2 Out-of-sample

Next we examine the out of sample potential of the ordered model, compared to the binomial
model, in forecasting global crashes for the period January 2002 till July 2007. Both models
are estimated over the period July 1996 till December 2001. Based on the conventional wis-
dom that too many insignificant parameters often lead to bad forecasting performance, we
firstly use a variable selection criterion to reduce the number of variables included and obtain

more parsimonious forecasting models. For both the ordered and binomial models we start
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with the full model and then remove the least significant variable from the regression. Then
the model is reestimated without the eliminated variable and from the new regression again
the least significant variable is removed. This process is continued until the coefficients for

all remaining variables are significant at the 10% level'”.

[Insert Table 11 around here]

Table 11 reports the results from this general-to-specific model selection procedure for
both the ordered and binomial models. The results show that for both models the number of
regressors is drastically reduced. The obtained ordered model contains more variables than
the binomial model. Except for the previous crash dummies, which are all significant in both
models, the ordered model contains six financial variables, while in the binomial model only
four variables are included. This could be expected as the ordered model’s estimates are
more precise, as we concluded in the previous section.

To asses the forecast performance of both models in detecting global crashes, we com-
pute forecasts of the probability of observing a global crash from both models for the period
January 2002 - July 2007, showed in figure 3. The ordered model is clearly more success-
ful than the binomial model in forecasting global crashes. The period May 2002 till June
2003 includes many global crashes. At the beginning of this period our ordered model al-
ready correctly warns for the occurrence of global crashes, while the binomial model’s crash
probabilities hardly increase. Then, during the period between July and October 2002, for
both models the global crash probabilities strongly increase, with maxima above 0.4. In this
period both models are able to identify the global crashes that occurred. After October 2002
the turmoil in the global markets continues,as indicated by the number of global crashes that
occur. In this aftermath, the ordered model again forecasts the global crashes much better

than the binomial model. Finally, after 2003 some small turmoil periods occurred and in all

10Stricter significance levels would result in models with too few variables to make a fair comparison between
the ordered and binary models.
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these cases our ordered model, contrary to the binomial model, indicates this correctly.

[Insert Figure 3 around here]

6 Conclusions

In this paper we have investigated what the determinants of different types of stock market
crashes are, and whether these crashes propagate from local to regional or global crashes.
We start by identifying crashes as local, regional or global and looked at the transmission
mechanism of these crashes. We find that more severe crashes are mostly preceded by less
severe crashes. Our approach differs from other studies by explicitly defining different types
of crashes, and modeling their occurrence as a domino effect.

In explaining the occurrence and evolution of crashes we find evidence on interdepen-
dence between the stock markets and other asset markets. More precisely, information from
the currency, stock and bond market are determinants of the probabilities to end up in a lo-
cal, regional or global crash. For investors or policy makers our findings indicate that careful
attention should be paid to the stability of these fundamentals.

Additionally, we infer the presence of contagion effects. We showed that the probabilities
of different types of crashes are individually as well as jointly significantly related to crashes
on the previous day. We also find evidence for contagion from the currency market to the
stock market, while not between the bond and stock markets.

We conclude that the occurrence and evolution of crashes is determined by interdepen-
dence as well as contagion. Finally we conclude that our ordered model detects and forecasts
turmoil better than a standard binomial model for global crashes.

We show that modelling crashes as evolving like a domino effect is important for regu-
lators as well as investors. By using our approach causes of crashes are better understood

and crashes can be predicted more accurate. This implies, for instance, that investors can
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make a better allocation of their investments when global crashes are more likely. We also
show, with our ordered model, that using local and regional crashes adds to the precision of
estimation compared to a binomial model for global crashes. This approach is not limited to
global stock markets only, but can also be applied on different markets within a country or
on different sectors within a specific market.

Further research on this topic should include implementing this model on other markets.
One could try to explain contagion of returns in the bond markets. Using this model on
currency returns would also be interesting, although one has to find a solution for the problem
that currency returns are bilateral. A last suggestion for further research would be to test the
forecasting properties of our ordered logit model more extensively. Especially interesting is
the performance of the model during the 1997 Asian flu, the 1998 Russian virus, the 2001

burst of the internet bubble, and the very recent sub-prime crisis

28



References

Bae, K., Karolyi, A., and Stulz, R. (2003). A New Approach to Measuring Financial Conta-

gion. Review of Financial studies, 16:717-763.

Connolly, R. and Wang, F. (2003). International equity market comovements: Economic

fundamentals or contagion? Pacific-Basin Financial Journal, 11:23-43.

Cumperayot, P., Keijzer, T., and Kouwenberg, R. (2006). Linkages between extreme stock

market and currency returns. Journal of International Money and Finance, 25:528-555.

Dornbusch, R., Park, Y., and Claessens, S. (2000). Contagion: How it spreads and How it

can be stopped. World Bank Research Observer, 15:177-197.

Fazio, G. (2007). Extreme interdependence and extreme contagion between emerging mar-

kets. Journal of International Money and Finance, 26:1261-1291.

Forbes, K. and Rigobon, R. (2002). No Contagion, Only Interdependence: Measuring Stock

Market Comovements. Journal of Finance, 57(5):2223-2261.

Hamao, Y., Masulis, R., and NG (1990). Correlations in Price Changes and Volatility Across

International Stock Markets. Review of Financial studies, 3:281-307.

Hartmann, P., Straetmans, S., and Vries, C. D. (2004). Asset market linkages in crisis peri-

ods. The Review of Economics and Statistics, 86(1):313-326.

JPMorgan and Reuters (1994). Riskmetrics technical document. Morgan Guaranty Trust

Company, New York.

Kaminsky, G. and Schmukler, S. (1999). What Triggers Market Jitters? Journal of Interna-

tional Money and Finance, 18:537-560.

King, M. and Wadhwani, S. (1990). Transmission of Volatility between Stock Markets.

Review of Financial studies, 3:5-33.

29



Lee, S. and Kim, K. (1993). Does the October 1987 crash strengthen the comovements

among national stock markets? Review of Financial Economics, 3:89-102.

Longin, F. and Solnik, A. (1995). Is the correlation in international equity returns constant:

1960-1990? Journal of International Money and Finance, 14:3-26.

Longin, F. and Solnik, A. (2001). Extreme Correlations of International Equity Markets.

Journal of Finance, 56:649-676.

Loretan, M. and English, W. (2000). Evaluating ”Correlation Creakdowns” During Periods
of Market Volatility. In international Financial Markets and the implications for mone-

tary and financial stability, Bank for International settlements, Basel, Switzerland, pages

214-231.

McFadden, P. (1974). The Measurement of Urban Travel Demand. Journal of Public Eco-

nomics, 3:303-328.

Ng, A. (2000). Volatility spillover effects from Japan and the US to the Pacific-Basin. Jour-

nal of International Money and Finance 2000, 19:207-233.

Politis, D. and Romano, J. (1994). The Stationary Bootstrap. Journal of the American

Statistical Association, 89(482):1303-1313.

Politis, D. and White, H. (2004). Automatic Block-Length Selection for the Dependent

Bootstrap. Econometric Reviews, 23(1):53-70.

Rodriquez, J. (2007). Measuring Financial Contagion: A Copula Approach. Journal of

Empirical Finance, 14:401-432.

30



‘K1oAn0adsal YNF pue VSN ISV ‘LV1 Aq P1ouap aIe SI0IpUI JUSUNUOD Y} SBAIYM ‘9p0od ATJUNOd

119y} AQ pIouap I8 SAJIPUI ANUNO)) *SIJIPUI [BUOISAI Y} J0J [[9M SB SIIIPUL SALIUNOD Y} 10 sonsnels andwod ap “L002 Anr 01 9661 A
woiy st o[dwres ay [, -o3ueln Joddn oY) ur A1UNod (UWIN[OJ) JAYIOUL UI YSBID B JO 9OUIINIO0 Y} UO [BUONIPUOD AIJUNOD (MOI) UIAIS € UI YSBIO B
3u1A19s5qO Jo seniIqeqoid [euonIpuOd Ay} pue ‘O3UBLI) JOMO][ Y} UI SUINIT XIPUI YO03S A} UM UONB[LIOD JBIUI[ A} ‘SUONEB[ALIOD JO sadA)

0M] SUTBIUOD XIIJBW UONB[aII0d B s110dax 9[qe) oy} Jo 1red Jomo] 9y, "SOOIpul JO03S 9y} U0 suInjal So[ oy} Jo a[nuenb 1omo[ 9 pue S1soyny

‘SSOUMYS ‘WINWIXBW ‘WNWIUIW ‘A)[IJB[OA PIZI[ENUUER ‘UBIW PAZI[BNUUE Y} SUIPN[OUI SO1SNe)s ATewwuns smoys 9[qel ay jo ued soddn ayj,

!
€0
€20
€0

1T°0
¥1°0
910
€10
gro
S¢1°0
¥1°0
6¢°0
€10
¥¢'0
8¢°0
G0

€70

T
17°0
€¢0

90°0
110
80°0
90°0
€10
01°0
1T°0
Geo
G0°0
¢G0
Gco
€0

.20
60°0

1
¥e'0

€e0
70
8¢0
€e0
060
6¢°0
€ro
810
gr'o
€20
1¢°0
¥1°0

6¥°0
gao
Lc0

T

810
LT°0
1’0
1o
61°0
910
veo
99°0
veo
970
9.0
770

61°0
G0°0
060
61°0

!
81°0
¢€0
€¢°0
6¢°0
020
010
910
010
910
¢l1o
1T°0

910
90°0
GL 0
G1r'o

vc0

.
¢l'0
91°0
8¢0
Gr'o
80°0
€10
010
910
G1r'o
¢l'0

10
G00
070
G1'o

Ggeo
61°0

1
€e0
61°0
LT°0
gr'o
V10
¢ro
€10
€10
60°0

v1°0
10°0
060
€10

LE0
020
6¢°0

1
0¢0
¥1°0
17°0
G¢1'o
v1°0
G¢1'o
€10
60°0

0c0
60°0
290
¢c0

1€°0
0€°0
€20
¥¢'0

T
LT°0
80°0
910
01°0
1’0
LT°0
¢l’o

81°0
90°0
70
LT°0

810
61°0
910
¥1°0
qay

1
60°0
Sg1°0
¢ro
€10
€10
010

¢lo
200
60°0
¢G0

60°0
700
200
200
900
700

!
61°0
810
020
¢c0
10

70
Geo
€¢c0
¥8°0

910
170
€10
V10
020
G1'o
8T°0

T
qa
L€0
970
8€0

810
01°0
SN
9¢°0

60°0
80°0
1710
90°0
80°0
01°0
L0°0
61°0

!
1¢°0
1¢°0
LT°0

v o
9¢0
8¢0
€90

¢c0
810
910
V10
8T°0
v1°0
10
870
€C0

T
8€°0
.80

6€°0
€70
[qa
16°0

g1'o
¢lo
¢l’o
80°0
8T°0
¥1°0
LT°0
640
61°0
16°0

1
LE0

0€0
9¢°0
€10
640

11°0
200
80°0
80°0
0T°0
80°0
¢ro
G¥°0
910
LE0
16°0

!

8T0°'0—8T0'0—8T0'0—€¢0°0—¥€0°0—8C0'0— 4¢0°0—Gc0'0— 8€0°'0— G20°0—S€0°0—42¢0°0— T20'0—9T0°0—S4E€0°0—C€0'0—

adoing

SN
BISY
BOLIOWY UIje ]

pueriey L,
uemrey,
sourddryq
eISAR[RIN
BAIOY]
eIpu]
B[ONZOUSA
OJIXIIN
BIqUOIOD)
oD
[iselgq
BUNUASTY

omuenb g6

6¢°¢ €79 GLG ¢c0l €¢0rT 199 LV6l ¥8¥E 6¢FI LT'L 6199 ¢86 8061 979 GF'8 19°€E SISO
G¢'0— IT°0— €¢0— 190— 9¢0 100 160 GL0 ©vc0 60— G¢¢— 910— ¢¢'0— Lg0— G€0— 06'1— SSOUMINS
¢0'0 900 L00 <¢ro 10 8OO O0¢O €0 Lg0O 600 T¢0 ¥I'O 910 L00 7¥I'0O GSTO XeN
90'0— 00— 00— ¢I'0— LT°0— II'0— OT0— ¥¢0— ¢¢'0— ¢I'0— 97'0— S1'0— ¥I'0— 90°0— ST'0— ¥€0— LHAN
LT°0 8T°0 8IT'0 €¢0 L0 8O0 9¢0 0€0 <0 G20 O0F0 920 €20 LT0 9€0 ¢€0 AnejoA
600 200 €00 ¥I'0 L00— 000 ¥00— ¢00— 800 <I'0 T0O0 9T'0 0OI0 800 ¥I0O 200 UBSN
dnd  vSN ISV IVT VHL NML IHd "TVIN 40X dNI NHA XdW 100 IHO Vdd DIV

suinjal 301 Arep Jo sonsnels aandiiosa( | Q[qel,

31



Table 2: Crash probabilities transition matrices

A: Normal returns

0 1 2 3
0 [072 0.19 0.07 0.03
1 1057 027 0.10 0.06
2 1045 027 0.7 0.11
3 1027 023 029 0.20

C: Bootstrap returns

0 1 2 3
0 [0.68 020 0.08 0.04
1 1061 024 0.10 0.05
2 1055 025 0.13 0.07
3 1044 022 021 0.13

B: Standardized returns
0 1 2 3

0
1
2
3

071 0.19 0.08 0.02
056 029 0.10 0.05
0.51 024 0.16 0.09
023 024 030 022

D: Bootstrap standardized returns

0 1 2 3
0 068 020 0.09 0.03
1 1060 025 0.10 0.05
2 1058 023 013 0.06
3 1041 023 023 0.13

The daily transition probabilities for the crash regimes. The numbers 0, 1, 2 and 3 correspond to no
crashes, local, regional and global crashes respectively. Panel A is based on identified crashes of the
sample returns. Panel B shows the same results for the standardized returns. Most right columns in both
panels report the total number of the different crashes observed. Panel C and D shows the transition
matrices computed from 10000 return series generated by the stationary bootstrap, for respectively the
sample and the standardized returns. For the bootstrap the continue probability of 0.5 is used. Crashes are
defined as the 5% lower quantile of the return distribution. The sample is from July 1996 to July 2007.
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Table 4: Regression results general model
A: Regression estimates

Coefficient St. error  t-statistic  p-value

Currency change LA —4.08 8.07 —0.51 0.61
Currency change Asia 6.55 7.68 0.85 0.39
Bond returns LA —24.48 6.40 —3.82 0.00
Bond returns Asia —13.81 15.44 —0.89 0.37
Bond returns US 35.40 15.92 2.22 0.03
Bond Returns Europe —10.33 6.80 —1.52 0.13
Interest level Latin America 0.00 0.00 0.44 0.66
Interest level Asia 0.04 0.02 2.40 0.02
Interest level US 0.05 0.08 0.61 0.54
Interest level Europe 0.04 0.04 0.89 0.37
Volatility LA 0.52 0.72 0.72 0.47
Volatility Asia 1.88 0.85 2.20 0.03
Volatility US 1.42 1.07 1.33 0.18
Volatility Europe 2.44 1.24 1.97 0.05
Extreme FX 0.15 0.05 2.90 0.00
Extreme Bond 0.03 0.03 0.85 0.39
Local 0.40 0.10 4.06 0.00
Regional 0.62 0.14 4.30 0.00
Global 1.21 0.21 5.83 0.00
Oé(o_,l) 2.53 0.19
Q(1-2) 3.90 0.19
(2-3) 5.19 0.20
Log likelihood —2613.26
R? 0.07
B: Jointly significance tests on groups of variables

Log likelihood D.F. p-value
Currencies —2613.61 2 0.70
Bonds —2628.64 4 0.00
Interest —2623.23 4 0.00
Volatilities —2640.72 4 0.00
Extreme events —2618.41 2 0.01
Past crashes —2637.23 3 0.00

Ordered logistic regression results with as dependent variables the crash categories and independent
variables as shown in the table. The variables local crash, regional crash and global are dummy variables
attaining the value one if these types of crashes occurred on the previous day. The sample is from July
1996 to July 2007. Likelihood ratio tests on the joint significance of different groups of variables are also
reported in the table.
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Figure 1: Probability response curves
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Figure 1 continued
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Figure 1 continued

Local crash dummy Regional crash dummy

o
o

Global crash dummy
Joint interest rate effect

o

Joint volatility rate effect Joint bond return effect

OMo Crash ®mLocal Crash ORegional Crash 0O Global Crash

The figures show the probability response curves. The areas are the probabilities of observing a specific
type of crash. The probabilities are computed by varying one specific variable  from its minimum to
maximum. Then for each point j on the probability response curve, we compute the probabilities of
observing a type of crash for all t observations of the explanatory variables Z. Thus, the probabilities in
the figures are the averages of ¢ = 2871 probabilities. The joint response graphs for interest and volatility
are computed by varying all four variables between their respective minimum and maximum.
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Table 5: Regression results with crash dependent effects

Regression estimates

Coefficient St. error  t-statistic  p-value

Currency change LA (0) 0.08 14.78 0.01 1.00
Currency change LA (1) 5.06 11.70 0.43 0.67
Currency change LA (2) —6.48 28.25 —0.23 0.82
Currency change LA (3) —62.20 27.00 —2.30 0.02
Local 0.38 0.10 3.72 0.00
Regional 0.60 0.15 4.05 0.00
Global 1.37 0.20 6.77 0.00
Log likelihood —2610.48

x(3) 0.13

Currency change Asia (0) 8.21 14.14 0.58 0.56
Currency change Asia (1) 26.37 20.22 1.30 0.19
Currency change Asia (2) —5.93 19.13 —0.31 0.76
Currency change Asia (3) —44.27 46.35 —0.96 0.34
Local 0.38 0.10 3.74 0.00
Regional 0.64 0.14 4.46 0.00
Global 1.28 0.20 6.44 0.00
Log likelihood —2611.92

x(3) 0.44

Bond returns LA (0) —38.56 10.11 —3.81 0.00
Bond returns LA (1) —34.50 11.06 —3.12 0.00
Bond returns LA (2) —20.37 11.74 —1.73 0.08
Bond returns LA (3) 1.79 10.61 0.17 0.87
Local 0.37 0.10 3.66 0.00
Regional 0.58 0.14 4.10 0.00
Global 1.37 0.20 6.90 0.00
Log likelihood —2608.59

R? 0.07

Bond returns Asia (0) —54.95 23.96 —2.29 0.02
Bond returns Asia (1) —26.92 21.50 —1.25 0.21
Bond returns Asia (2) —7.49 29.42 —0.25 0.80
Bond returns Asia (3) 41.90 23.49 1.78 0.07
Local 0.37 0.10 3.61 0.00
Regional 0.57 0.14 4.03 0.00
Global 1.23 0.19 6.48 0.00
Log likelihood —2608.41

x(3) 0.02

Bond returns US (0) 28.90 19.93 1.45 0.15
Bond returns US (1) 53.31 29.58 1.80 0.07
Bond returns US (2) 32.28 38.47 0.84 0.40
Bond returns US (3) 33.10 57.41 0.58 0.56
Local 0.40 0.10 4.04 0.00
Regional 0.62 0.14 4.43 0.00
Global 1.22 0.21 5.91 0.00
Log likelihood —2613.00

x(3) 0.91

Bond returns Europe (0) —20.64 9.43 —2.19 0.03
Bond returns Europe (1) 16.12 13.06 1.23 0.22
Bond returns Europe (2) —30.28 16.38 —1.85 0.06
Bond returns Europe (3) 4.00 19.12 0.21 0.83
Local 0.40 0.10 3.98 0.00
Regional 0.63 0.14 4.55 0.00
Global 1.19 0.19 6.23 0.00
Log likelihood —2609.50

x(3) 0.06
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Table 5 continued

Regression estimates

Coefficient St. error  t-statistic  p-value

Interest level LA (0) 0.00 0.01 0.55 0.58
Interest level LA (1) 0.01 0.01 0.97 0.33
Interest level LA (2) —0.01 0.01 —1.07 0.28
Interest level LA (3) —0.03 0.03 —1.05 0.30
Local 0.33 0.16 2.07 0.04
Regional 0.85 0.24 3.57 0.00
Global 1.70 0.47 3.58 0.00
Log likelihood —2611.53

x(3) 0.32

Interest level Asia (0) 0.03 0.02 1.23 0.22
Interest level Asia (1) 0.05 0.02 2.24 0.03
Interest level Asia (2) 0.06 0.04 1.53 0.13
Interest level Asia (3) —0.05 0.07 —0.78 0.44
Local 0.23 0.22 1.07 0.29
Regional 0.42 0.30 1.40 0.16
Global 1.69 0.44 3.81 0.00
Log likelihood —2611.748

x(3) 0.39

Interest level US (0) 0.05 0.09 0.53 0.60
Interest level US (1) 0.13 0.12 1.03 0.30
Interest level US (2) —0.14 0.17 —0.79 0.43
Interest level US (3) 0.13 0.23 0.55 0.58
Local 0.14 0.42 0.35 0.73
Regional 1.23 0.60 2.06 0.04
Global 0.93 0.84 1.11 0.27
Log likelihood —2612.28

x(3) 0.58

Interest level Europe (0) 0.03 0.04 0.77 0.44
Interest level Europe (1) 0.04 0.06 0.72 0.47
Interest level Europe (2) 0.07 0.07 0.91 0.36
Interest level Europe (3) 0.00 0.09 0.00 1.00
Local 0.37 0.27 1.39 0.16
Regional 0.47 0.34 1.38 0.17
Global 1.35 0.42 3.21 0.00
Log likelihood —2613.04

x(3) 0.93

Volatility LA (0) 1.04 0.85 1.22 0.22
Volatility LA (1) 0.32 1.02 0.31 0.75
Volatility LA (2) 1.26 1.17 1.08 0.28
Volatility LA (3) —1.62 1.45 —1.11 0.27
Local 0.55 0.26 2.16 0.03
Regional 0.53 0.34 1.55 0.12
Global 1.93 0.46 4.15 0.00
Log likelihood —2611.58

x(3) 0.34

Volatility Asia (0) 2.74 1.05 2.60 0.01
Volatility Asia (1) 1.86 1.32 1.41 0.16
Volatility Asia (2) 1.26 1.82 0.69 0.49
Volatility Asia (3) —6.99 3.10 —2.26 0.02
Local 0.54 0.28 1.94 0.05
Regional 0.88 0.42 2.11 0.04
Global 3.25 0.69 4.69 0.00
Log likelihood —2608.58

x(3) 0.02
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Table 5 continued

Regression estimates

Coefficient St. error  t-statistic  p-value

Volatility US (0) 2.42 1.21 1.99 0.05
Volatility US (1) 0.84 1.54 0.55 0.58
Volatility US (2) 0.10 1.80 0.06 0.95
Volatility US (3) —0.23 2.29 —0.10 0.92
Local 0.66 0.27 2.44 0.01
Regional 1.05 0.37 2.82 0.00
Global 1.75 0.54 3.24 0.00
Log likelihood —2611.83

x(3) 0.41

Volatility Europe (0) 2.97 1.30 2.29 0.02
Volatility Europe (1) 3.38 1.70 1.99 0.05
Volatility Europe (2) 0.57 1.93 0.29 0.77
Volatility Europe (3) 0.62 2.34 0.26 0.79
Local 0.34 0.27 1.23 0.22
Regional 1.06 0.37 2.86 0.00
Global 1.71 0.54 3.15 0.00
Log likelihood —2611.88

x(3) 0.43

Extreme FX (0) 0.13 0.08 1.70 0.09
Extreme FX (1) 0.19 0.09 2.21 0.03
Extreme FX (2) 0.17 0.10 1.72 0.09
Extreme FX (3) 0.09 0.14 0.67 0.50
Local 0.37 0.12 3.10 0.00
Regional 0.59 0.16 3.58 0.00
Global 1.26 0.23 5.51 0.00
Log likelihood —2613.00

x(3) 0.91

Extreme bond (0) 0.08 0.04 1.81 0.07
Extreme bond (1) 0.02 0.05 0.46 0.64
Extreme bond (2) 0.00 0.07 —0.03 0.97
Extreme bond (3) —0.15 0.09 —1.79 0.07
Local 0.44 0.12 3.71 0.00
Regional 0.69 0.17 3.94 0.00
Global 1.53 0.23 6.59 0.00
Log likelihood —2610.18

x2(3) 0.10

Results of ordered logistic regressions with as dependent variables the crash categories and independent variables
the same variables as in the base model, but in each regression one original variable is conditioned on previous
crashes. Thus, in each regression we multiply the variable under consideration with the past crash dummies
(including a no crash dummy), which leaves 4 variables. For convenience we only report the crash dummies and
the crash conditioned variables. The 2 (3)-test tests whether conditioning a variable significantly improves the
model. The sample is from July 1996 to July 2007.
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Table 6: Regression results with standardized returns

Regression estimates
Coefficient  St. error t-statistic p-value

Currency change LA —4.70 8.51 —0.55 0.58
Currency change Asia —3.02 10.37 —0.29 0.77
Bond returns LA —15.22 6.10 —2.49 0.01
Bond returns Asia —22.02 15.33 —1.44 0.15
Bond returns US 34.46 15.58 2.21 0.03
Bond Returns Europe —8.12 6.63 —1.22 0.22
Interest level Latin America 0.00 0.00 0.26 0.80
Interest level Asia 0.06 0.02 3.25 0.00
Interest level US 0.01 0.08 0.15 0.88
Interest level Europe 0.01 0.04 0.33 0.74
Volatility LA 0.16 0.69 0.24 0.81
Volatility Asia —0.93 0.89 —1.05 0.29
Volatility US —0.19 1.08 —0.17 0.86
Volatility Europe 1.68 1.20 1.41 0.16
Extreme FX 0.16 0.05 3.12 0.00
Extreme Bond 0.02 0.03 0.82 0.41
Local 0.54 0.10 5.56 0.00
Regional 0.71 0.13 5.40 0.00
Global 1.77 0.19 9.16 0.00
d(0-1) 1.50 0.18

Q(1-2) 2.82 0.19

Q(2-3) 4.21 0.21

Log likelihood —2677.351

R? 0.05

Ordered logistic regression results with as dependent variables the crash categories based on standardized
returns and independent variables as shown in the table. The variables local crash, regional crash and
global are dummy variables attaining the value one if these types of crashes occurred on the previous day.
The sample is from July 1996 to July 2007.
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Table 7: Regression results with crashes based on 2.5% lower quantile

Regression estimates
Coefficient  St. error t-statistic p-value

Currency change LA 0.28 9.88 0.03 0.98
Currency change Asia 17.48 11.68 1.50 0.13
Bond returns LA —14.22 6.59 —2.16 0.03
Bond returns Asia —21.44 15.99 —1.34 0.18
Bond returns US 51.37 18.19 2.82 0.00
Bond Returns Europe —1.92 7.91 —0.24 0.81
Interest level Latin America 0.01 0.00 1.17 0.24
Interest level Asia 0.03 0.02 1.56 0.12
Interest level US 0.13 0.10 1.35 0.18
Interest level Europe 0.03 0.05 0.58 0.56
Volatility LA 0.73 0.75 0.98 0.33
Volatility Asia 1.75 1.02 1.71 0.09
Volatility US 0.65 1.24 0.53 0.60
Volatility Europe 3.75 1.33 2.82 0.00
Extreme FX 0.26 0.06 4.58 0.00
Extreme Bond 0.04 0.03 1.06 0.29
Local 0.42 0.13 3.19 0.00
Regional 0.33 0.19 1.75 0.08
Global 1.29 0.29 4.43 0.00
d(0-1) 3.62 0.24

d(1-2) 4.88 0.25

Q(2-3) 6.44 0.27

Log likelihood —1868.91

R? 0.09

Ordered logistic regression results with as dependent variables the crash categories based on crashes
defined as the 2.5% lower quantile of the empirical distribution for the indices and independent variables
as shown in the table. The variables local crash, regional crash and global are dummy variables attaining
the value one if these types of crashes occurred on the previous day. The sample is from July 1996 to
July 2007.
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Table 8: Regression results with different crash classification 1

Regression estimates
Coefficient  St. error ¢-statistic p-value

Currency change LA —2.27 8.55 —0.27 0.79
Currency change Asia 1.85 9.65 0.19 0.85
Bond returns LA —28.89 6.07 —4.76 0.00
Bond returns Asia —16.62 14.69 —1.13 0.26
Bond returns US 40.97 15.55 2.64 0.01
Bond Returns Europe —7.04 6.59 —1.07 0.29
Interest level Latin America 0.00 0.00 0.78 0.43
Interest level Asia 0.04 0.02 2.18 0.03
Interest level US 0.07 0.08 0.92 0.36
Interest level Europe 0.03 0.04 0.68 0.50
Volatility LA 0.95 0.67 1.41 0.16
Volatility Asia 1.19 0.87 1.37 0.17
Volatility US 1.48 1.05 1.41 0.16
Volatility Europe 2.54 1.16 2.20 0.03
Extreme FX 0.15 0.05 3.04 0.00
Extreme Bond 0.03 0.03 1.12 0.26
Local 0.40 0.10 4.04 0.00
Regional 0.74 0.13 5.49 0.00
Global 0.85 0.19 4.43 0.00
Q(0—1) 2.49 0.19

Q(1-2) 3.90 0.20

a(gﬁg) 5.30 0.21

Log likelihood —2664.57

R? 0.07

Ordered logistic regression results with as dependent variables the crash categories based on a different
classification. Regional crashes on day ¢ + 1 in Asia do not induce a global crash anymore if on day ¢ US
or Europe encountered a crash. Further, regional emerging market crashes occurrence when 3 or more
individual emerging market crashes is also abandoned. The independent variables are as shown in the
table. The variables local crash, regional crash and global are dummy variables attaining the value one if
these types of crashes occurred on the previous day. The sample is from July 1996 to July 2007.
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Table 9: Regression results with different crash classification 2

Regression estimates
Coefficient  St. error ¢-statistic p-value

Currency change LA —5.13 8.67 —0.59 0.55
Currency change Asia 8.38 9.83 0.85 0.39
Bond returns LA —25.40 6.09 —4.17 0.00
Bond returns Asia —15.81 14.94 —1.06 0.29
Bond returns US 40.87 15.61 2.62 0.01
Bond Returns Europe —8.38 6.62 —1.27 0.21
Interest level Latin America 0.00 0.00 0.94 0.35
Interest level Asia 0.04 0.02 2.35 0.02
Interest level US 0.05 0.08 0.64 0.52
Interest level Europe 0.03 0.04 0.87 0.38
Volatility LA 0.68 0.68 1.01 0.31
Volatility Asia 1.59 0.87 1.83 0.07
Volatility US 1.50 1.05 1.43 0.15
Volatility Europe 2.39 1.16 2.06 0.04
Extreme FX 0.15 0.05 2.97 0.00
Extreme Bond 0.04 0.03 1.34 0.18
Local 0.40 0.10 4.04 0.00
Regional 0.70 0.12 5.66 0.00
Global 1.64 0.30 5.42 0.00
d(0-1) 2.49 0.19

Q(1-2) 3.85 0.20

(2-3) 6.38 0.24

Log likelihood —2555.44

R? 0.08

Ordered logistic regression results with as dependent variables the crash categories based on a different
classification. Global crashes now only occur when 3 or more regions crash simultaneously. The
independent variables are as shown in the table. The variables local crash, regional crash and global are
dummy variables attaining the value one if these types of crashes occurred on the previous day. The
sample is from July 1996 to July 2007.
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Table 10: Binomial Regression

Regression estimates

Coefficient St. error ¢-statistic  p-value

Currency change LA 9.96 18.58 0.54 0.59
Currency change Asia —20.21 23.31 —0.87 0.39
Bond returns LA —19.35 10.52 —1.84 0.07
Bond returns Asia 12.89 26.49 0.49 0.63
Bond returns US 35.43 32.68 1.08 0.28
Bond Returns Europe —6.56 13.92 —0.47 0.64
Interest level Latin America —0.02 0.01 —1.15 0.25
Interest level Asia —0.02 0.05 —0.34 0.73
Interest level US 0.60 0.18 3.29 0.00
Interest level Europe —0.06 0.09 —0.62 0.54
Volatility LA 1.20 1.28 0.94 0.35
Volatility Asia 2.02 2.02 1.00 0.32
Volatility US —1.30 2.22 —0.59 0.56
Volatility Europe 7.03 2.21 3.19 0.00
Extreme FX 0.21 0.10 2.15 0.03
Extreme Bond 0.03 0.06 0.44 0.66
Global 0.74 0.27 2.73 0.01
constant —6.40 0.51 —12.42 0.00
Log likelihood —491.83

R? 0.13

Binomial logistic regression results with as dependent variables a dummy variable attaining the value one
if a global crash occurred and zero otherwise. The independent variables are as shown in the table. The
variable Global is the dependent variable lagged one period. The sample is from July 1996 to July 2007.
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Table 11: Ordered and binomial regression estimates obtained from the general-to-specific model

selection.
Regression estimates ordered model

Coefficient St. error ¢-statistic p-value

Bond returns LA —23.98 5.91 —4.06 0.00
Bond returns US 43.93 19.70 2.23 0.03
Interest level Latin America —0.01 0.01 —1.87 0.06
Volatility Asia 4.23 0.99 4.28 0.00
Volatility Europe 4.15 1.08 3.84 0.00
Extreme FX 0.16 0.06 2.59 0.01
Local 0.27 0.14 1.91 0.06
Regional 0.68 0.18 3.76 0.00
Global 0.92 0.28 3.27 0.00
Q(0—1) 2.19 0.22

a(lﬂg) 3.46 0.23

Q(2-3) 4.92 0.26

Regression estimates binomial model

Bond returns LA —25.04 9.93 —2.52 0.01
Interest level US 0.39 0.21 1.88 0.06
Volatility Asia 3.74 2.20 1.70 0.09
Volatility Europe 7.7 2.11 3.41 0.00
Global 0.72 0.43 1.67 0.09
constant —6.76 0.92 —7.36 0.00

This table reports the regression results for the binomial and ordered logistic regressions, after the
removal of insignificant parameter estimated. An iterative procedure is used where in each iteration the
least significant variable is removed. Continuing this procedure until all variables are significant at the ten
% level results in our two final models. The independent variables are as shown in the table. The variable
Global is the dependent variable lagged one period. The sample is from July 1996 to December 2001.
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