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This document compares volatility of Mexico , Brazil, and Argentina stock exchanges under 

GARCH models during the 1990's financia! crises. On an intra-market approach, the IPyC 

was more volatile during the Asian financia! crisis. On an inter-market approach, Bovespa 
showed to be the most volatile during the period of study. The IPyC index shows that 

whenever returns drop the effect on the conditional volatility is greater in a bullish market. 
This asymmetric pattern was captured on the spread between tbe TGARCH and GARCH 

values and it shows tbat negative returns have been dominating positive ones besides the 

existence of bullish markets. 

Resumen 

Este documento compara la volatilidad entre los índices accionarios de México, Brasil y 

Argentina a través de los modelos de volatilidad GARCH durante las crisis financieras de 
los noventa. En un enfoque intra-mercado, el IPyC mostró ser el más volátil en la crisis 

financiera asiática. En un enfoque inter-mercado, el Bovespa mostró la volatilidad más alta 

en el periodo de estudio. El IPyC mostró que siempre que los rendimientos caen , el efecto 

en la volatilidad condicional es mayor durante un mercado alcista. Este comportamiento 

asimétrico es capturado en las diferencias de las series TGARCH y GARCH, y muestra que 
rendim ientos negat ivos han dominado a los positivos a pesar de un mercado alcista. 
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l. Introduction 

Since the last decade there has been an increasingly and used of volatility 
models in order to understand and explain economic and financial variability 
series. Conventional time series and econometric models uses constant variance 
but evidence has shown that variance on long-run periods seems to be non­
constantly. One of the first conditional volatility models was developed by 
Engle (1982) who introduced an ARCH model that describes the conditional 
variance which stands for autoregressive conditional heteroskedasticity. 

The ARCH model basically assumes that the variance of tomorrow's return 
is an equally weighted average of the squared residuals of the last p eriods and 
this model lets the weights be parameters to be estimated. A generalization 
of the ARCH model is the GARCH parametrization introduced by Bollerslev 
(1986) . The main characteristic of GARCH models is that it has declining 
weights that never go completely to zero. The GARCH model asserts that the 
best predictor of the variance in the next period is a weighted average of the 
long-run average variance, the variance predicted for this period, and the new 
information in this period that is captured by the most recent squared residual. 

The usefulness of conditional volatility models has been especially in an­
alyzing financial data since it has been observed an amplitude of the returns 
which varíes over time described as "volatility clustering" . 

This document makes a comparative analysis of volatility models among 
important American emerging stock markets as Mexico, Argentina and Brazil, 
during the 1990's financial crises. We use the GARCH conditional volatility 
and two important extensions as TGARCH and EGARCH in order to capture 
asymmetric effects of returns on the conditional volatility and prove whether 
or not negative returns have been dominating positive returns even in bullish 
markets. We aim to show and measure which country has been more affected 
by financial crises. The important purpose of this document is to answer: what 
is the importance of volatility in the basic nature of investments? 

Other studies have investigated volatility in emerging markets and it has 
been found , as Aggarwal et al. (1999) did , that most events tend to be local 
and only the October 1987 crash was a global event that caused a significant 
jump in the volatility of several emerging stock markets. 

Others, Edwards and Susmel (2000) , have shown that there is a strong ev­
idence of volatility co-movements across countries especially among the MER­
COSUR countries with no results of contagion stories. Patel and Sarkar (1998) 
concluded that there is a strong evidence of contagion within regions and those 
stock markets affected by the crisis are about equally affected , both in terms of 
the severity of the price decline and the duration of the crisis. They also stated 
that for short horizons , prices are autocorrelated, whereas for longer horizons 
there is evidence of mean reversion. Showing that over long horizons prices do 
recover from crash, but the recovery time is longer for emerging markets. 

The document is organized as follows: the second section briefly describes 
the GARCH volatility models , sections three and four explain data and the 
methodology used to estímate the models. In sect ion fiye we give the empir­
ical results comparing each graph and estimation outputs. F inally section six 
concludes the empirical research. 
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2. Conditional Volatility Models 

2.1 GARCH 

GARCH stands for Generalized Autoregressive Conditional Heteroskedasticity, 
which is a generalization of ARCH models. These models relax the hypothesis 
of constant volatility and introduce changes in volatility, which it means that 
the variance instead of being considered as homosedastic now it assumes to 
be heteroskedastic. The conditional variance in the model is the sum of the 
convex combination of the lagged squared shocks ( errors) up to the p lagged 
and a constant . This is how ARCH structure arises. The GARCH structure is 
an extension of the ARCH model that uses past variances and the past variance 
forecasts to forecast future variances. 

The GARCH model stands for a conditional mean and variance equation. 
The mean equation or return model is: 

Rt = µ + Et, 

where the normal random variable 'Et, has a conditional variance ht given as: 

q p 

ht = ªº + L ªid- i + ¿ f3iht - i, 
i = l i = l 

constraint to p 2 O; q > O; ao > O; a1 2 O; f3i 2 O. 

The GARCH process is of order p y q, and the conditional variance equation 
is a function of three terms: 

• The mean: w. 

• News about volatility from the previous period, measured as the lag of 
the suqred residual from the mean equation: E;_i (the ARCH term). 

• Last period 's forecast variance: a;_i (the GARCH term) . 

A particular case is the GARCH (1 , 1) which adjusts to a numerous series of 
asset returns. So the (1 , 1) in GARCH(l , 1) refers to the presence of a first­
order GARCH term and a first-order ARCH term. How is the GARCH(l , 1) 
interpreted in a financial context? An agent can predict this period 's variance by 
forming a weighted average oí a long term average (the constant), the forecasted 
variance from last period ( GARCH term), and information about volatility 
observed in the previous period (ARCH term). 

Then a GARCH(l, 1) model would be specified as: 

Rt = µ+ Et, 

ht = ao + a1EL1 + f31ht- 1· 

The conditional variance is estimated as: 
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2.2 TGARCH 
TGARCH or Threshold ARCH model also known as the GJR model , attempts 
to capture the presence of asymmetric behavior, specially when negative returns 
are related to a greater conditional variance rather than positive ones . This kind 
of asymmetries are typically attributed to leverage effects , whereby a fall in the 
value of a firm's stock causes the firm 's debt to equity ratio to rise, leading to 
shareholders to perceive their future cashfiow stream as being relatively more 
risky. It was first introduced by Zakoian (1990) and Gloste and Runkle (1993) . 
The specification of the model is: 

ht = ao + a1d- l + ¡ci_1 dt - 1 + /31ht- 1 , 

where dt - l is a dummy variable that takes one if the return in t - 1 is under 
its mean, and zero if the return is above t he mean. 

When Et - 1 

value 

ct - 1 < 0, 

c t - 1 2: 0. 

Rt- l - µ < O (good news), the conditional variance takes the 

ht = ao + (a1 + ¡)cL1 + /31ht - 1 

and when Et - l = Rt- l - µ ::::: O (bad news),the conditional variance takes the 
value 

ht = ao + a1cL 1 + /31ht- l · 

In such case the variance is greater showing greater risk . 

2.3 EGARCH 
The EGARCH model stands for the exponential GARCH and it was proposed 
by Nelson (1991). The specification of the mean and conditional variance equa­
tion is: 

Rt = µ + Et, 

1 

c t - 1 1 ¡¿ Et - 1 lnht = w + ¡3lnht- l +a ¡-¡:-- - a - + ¡ ¡-¡:--· 
y ht- 1 n y ht - 1 

In this case the effects of the errors on the conditional variance is an exponential 
type one and non-squared, then it can be written as 

f3 [ 1 c t - 1 1 ¡¿ Et-l l ht = ht- l exp w +a ¡-¡:-- - a :; + ¡ ¡-¡:--
y ht - 1 yht - 1 

where the variable 
Et - 1 

Z t = - --
~ 
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is a normal standardized variable , and the term /"fr is the expected value of 

1 Zt ¡. 
It is observable that in an EGARCH model it is captured once again asym­

metric behavior. lf Et - l = b > O, the conditional variance is 

b ~ ln ht = w + ,B ln ht - l + (a + ¡) r,::-- - a - . 
y ht - 1 7r 

lf Et- l = b ~ O then the conditional variance is 

b ~ ln ht = w + ,Bln ht - 1 + (¡-a) r,::-- - a -. 
y ht- 1 7r 

The essence of EGARCH models is that it allows to capture the exponential 
leverage effect rather than a quadratic form, and forecasts of the conditional 
variance are guaranteed to be nonnegative. The leverage effect can be tested by 
the hypothesis that ¡ < O, and there would be an asymmetric impact if ¡ -::/= O. 

3. Data 

The data consists of daily closed index values for the IPyC Index (Mexico) , 
MERVAL (Argentina) , and BOVESPA Stock Exchange Index (Brazil). It cov­
ers from January 1990 up to March 2003. It is important to note that the whole 
period does not match exactly each daily closed index value. In the case of IPyC 
Index it covers 3298 observations , MERVAL 3264, and BOVESPA 3248. This 
situation is presented because trading days are different in each stock market. 
Nevertheless this was not a rough source of constraint to estímate and compare 
volatilities since the differences in observations is insignificant compared to the 
whole historical data. 

Daily values were transformed into daily returns and these were calculated 
in a basis of continuously returns, i.e. Rt = ln(Pt/ Pt- 1 ) . The data was obtained 
from Economatica. We are just considering Latín American markets for we aim 
to compare which of the most important American emerging markets has been 
more sensitive to financial crises. 

4. Methodology 

As our aim is to detect and compare the volatility of returns in each financial 
crisis, firstly it was plotted each daily index value against its daily returns and 
locate in which period returns varied the most. Once detecting those most 
varying periods, they were compared each other in such a way to realize which 
market could result in the most volatile position. 

After, GARCH estimations were done for each emerging market . This 
was performed in Eviews using the ARCH - Autoregressive Conditional He­
teroskedasticity estimation method. In case of the GARCH model , the ARCH 
specifications were GARCH (symmetric), and the estimation options were the 
Marquardt optimization algorithm with starting coefficient values as OLS/TS­
LS. The maximum iterations specified were 200. 
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The GARCH(p , q) equation estimated and the conditional mean return 
model were of the form: 

Rt = µ+ Et ( conditional mean equation), 

q p 

h t = ªº + L CTiELi + L /3i h t - i ( conditional variance equation) . 
i = l i= l 

It was estimated a GARCH(l , 1) , in which the conditional variance depends on 
a const ant , the previous random shock (ARCH) and the condit ional variance in 
the previous date (GARCH) . It was assumed the following conditions: a 0 > O, 
a 1 2: O; and /31 2: O. 

ht = ao + a 1EL 1 + /31ht- 1· 

Once the GARCH coefficients from the conditional variance equation were es­
timat ed , we proceed to calculate the non-conditional volatility value for each 
stock market return series. The non-conditional volatility is of the form: 

In case of the TGARCH and EGARCH models, we used the TGARCH (asym­
metric) and EGARCH as ARCH specifications respectively. For each model it 
was considered now the Heteroskedasticity Consistent Covariance option. 

The TGARCH equation estimated and the conditional mean model were 
of the form: 

R t = µ +Et ( conditional mean equat ion) , 

(condit ional variance equation) , 

where dt- l is a dummy variable in which it t akes a value of one if returns in 
the previous date are under its mean, and zero if returns are above its mean. 

Et- 1 < O, 

Et- 1 2: O. 

The EGARCH equation estimated and t he conditional mean model were of the 
form : 

R t = µ+ Et (conditional mean equation), 

lnh t = w + f3 lnht- 1 +a 1 ~ 1- a ~ + 1 ~ 
y h t - 1 \/ :;¡: y h t - 1 

( condit ional ,-ariance equation). 
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For each estimation, we got the GARCH variance series. They were plotted 
only the GARCH series (as illustrated in figures from 4 to 6), and then it was 
taken and plotted the differences between the TGARCH and GARCH series. 
The TGARCH - GARCH differences indicate in which period positive returns 
dominate negative returns since the TGARCH model captures asymmetries in 
returns behavior. If the difference is positive on a certain period, then it is 
shown to be a downward phase in the market. Elsewhere when the difference 
is negative on a certain period, then it is shown to be an upward phase in the 
market. 

Finally, on the each estimation output it was statistically tested the coeffi­
cient values of each parameter for each conditional volatility model. We focused 
on the value of the probability to be lower than a level of significance of 0.05 
and we avoid the value of the determination coefficient (R 2 ) since there are 
no regressors in the conditional mean equation. In case of the GARCH model 
it is expected to get positive signs in each of the estimated coefficients in the 
conditional variance equation and detect whether the sum of the GARCH and 
ARCH terms are near one. A sum closely to one assumes that shocks to the 
conditional variance would be highly persistent for each stock market series. 

5. Empirical Results 

Figure 1 plots Mexico IPyC's daily values and returns from January 1990 up to 
March 2003. Along this period the IPyC has been showing an upward trend and 
we can realize basically two periods in which the index value dropped, being 
those between September 1994 - March 1995 and November 1997 - May 1999. 
The decreasing in the index value also can be observed in a more variability 
of its returns in which during the first period the stock market had a negative 
return of about 53. In the second period it is shown two greater changes, both 
of them at the beginning of 1998 and 1999 respectively. In the first case, stock 
market returns dropped in almost 153 and in the second it showed a negative 
return of 103. These greater changes indicate the presence of high volatility 
derived from the financial crises. 

Figure 2 plots Argentina MERVAL's daily values and returns . The pattern 
of trend that MERVAL holds does not show any upward movement, in sorne 
periods it goes up surprisingly but in others it seems to revert to a mean value. 
The greatest changes are shown in the MERVAL daily returns graph in which it 
is observed six major ones. The first one at the beginning of the 90 's, a second 
one between January 1991 - May 1991, a third one during the Mexican peso 
crisis, a fourth one during the Asian financial crisis (1997) , a fifth one during the 
Russian default and the Brazilian real crisis (1999), and the sixth one between 
September 2001 - 2002 . As our aim is to compare volatility among the financial 
crises, so we are just interested in the two middle ones. In both periods it 
is observable the effects of the financial crises on the MERVAL performance. 
The worst negative return MERVAL index showed was almost of 203 at the 
beginning of the 90's and later during the Asian financial crisis in about 153 
and the Russian default in almost 143. 

Figure 3 plots Brazil BOVESPA's daily values and returns. It is observable 
two trend patterns, the first one is an upward market trend from September 
1993 to January 2000. The second pattern shows a downward market trend 
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from February 2000 to J anuary 2003. In these two periods we can distinguish 
three great drops of the BOVESPA value, each of them as a response from the 
financia! crises. These changes are refiected on its daily ret urns series, showing 
that the greatest variability was during the Russian default and the Brazilian 
real crisis with a negative return of 18level of that from 2000 . 

Those changes on the stock market returns are better observed in the 
GARCH Daily series graphs. These GARCH values were generated from the 
GARCH estimations for each emerging market and we can distinguish in each 
graph at least in our research period of interest , that volatility levels matches 
each financia! crisis. Figure 4 shows the GARCH IPyC series and it is observ­
able that during the Asian financia! crisis the stock market return registered 
the greatest volatility leve! (0.0045) , followed by the Russian default and the 
Brazilian real crisis (0.0035). As it shown, the lowest volatility leve! was that 
during the Mexican peso crisis (0.002). Figure 5 shows GARCH MERVAL se­
ries and it would seem that financia! crises did not affect too much the stock 
market return , but the highest volatility (0.0045) measured as the condit ional 
variance was during the Russian default and the Brazilian real crisis followed 
by the Mexican pesos crisis, and the Russian default and Brazilian real crisis 
(0.004). 

The BOVESPA was the most emerging stock market that suffered from 
financia! crises. The stock market volatility is shown in Figure 6, in which 
during the Russian default showed a higher volatility (0.0145) than the Mexican 
peso crisis (0.013) and the Asian financia! crisis (0.006). 

Table 10 summarizes total volatilities for each stock market as the sum of 
the ARCH and the GARCH coefficients (a 1 + ,61 ) . The IPyC index presents the 
lowest total volatility (0.9490) during t he decade of 1990 and the BOVESPA in­
dex shows the highest one (0.9977) . As it was described above for each GARCH 
graph, the stock market with the greatest effects from financia! crises was the 
BOVESPA. Also in Table 10 it is shown the non-conditional volatility for each 
stock market, and once again the BOVESPA index shows the greatest leve! 
(0.0053) with respect to the other two indices. Tables 1 to 3 show the complete 
GARCH estimation outputs in which are shown that the coefficient values are 
highly statistically significant. 

Since the three stock markets show different trends mostly downward ones 
and high volatility in their returns, this would !et to arise a question: how is 
it possible to capture and measure differences between positive and negative 
returns when the market is bullish or bearish? It was estimated a TGARCH 
model that allows to capture asymmetric effect s in order to determine how 
the conditional volatility is affected in a bullish market whenever returns drop. 
Table 11 summarizes the TGARCH estimation output for each stock market. 
All TGARCH coefficient values were highly statistically significant as shown 
in Tables 4 to 6. The asymmetric effect is captured in the gamma coefficient 
and the highest value belongs to the IPyC index (! = 0.1815). This implies 
that when IPyC returns drop, the effect on the conditional volatili ty is greater 
than in a bullish market. Although the gamma values for the _ IERVAL and 
BOVESPA indices are lower than the IPyC, it is shown that the TGARCH 
coefficient values are greater than the GARCH ones. Thi implies that along 
the historical indices returns, negative returns have dominated those posit ive 
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ones besides the presence of bullish markets. 

The asymmetric pattern can be observed on the differences between the 
TGARCH and GARCH values. Figures 7 to 9 show the differences for each stock 
index historical volatility returns. Besides these differences are insignificantly, it 
is observable that the IPyC index shows the greatest differences and deviations 
from its mean value. Once again there is evidence that whenever returns drop, 
the effect on the conditional volatility for the IPyC index is greater than a 
bullish market . 

Finally it was estimated an EGARCH model in arder to detect if negative 
shocks imply a higher next period conditional variance than positive shocks of 
the same sign. Tables 7 to 9 show the complete EGARCH estimation outputs . 
It was found that all the coefficient values were highly statistically significant 
and that the gamma coefficient truly takes a negative sign. Table 12 summarizes 
the estimation output and again the IPyC index showed the greatest gamma 
coefficient value. 

Since the beginning we attempted to measure emerging stock market volati­
lities in order to identified which one resulted to be more sensitive, why is so 
important to measure volatility? Although we have estimated historical con­
ditional and non-conditional volatilities , the volatility parameter is a measure 
of market risk and it was clearly, as shown on the estimation outputs , that 
each emerging stock market reacts in different ways to each financial crisis. 
Also, as the basic nature of the investment decision is return-risk trade-off, we 
must identified in which market and financial asset our investment is the most 
exposed to risk and in what level. 

6. Concluding Remarks 

In this document was proved that conditional volatilities models such as GAR­
CH, TGARCH, and EGARCH, can be used to measure historical volatility 
in different emerging stock markets and it was possible to identified markets' 
behavior in each 1990's financial crisis. 

BOVESP A index was the stock market among the IPyC and MERVAL 
indices to be the most volatile during the period of study. For this stock market 
the sum of the ARCH and GARCH terms was more closely to the unit, 0.9977; 
this means that shocks to the conditional variance are highly persistent on the 
BOVESP A index. 

Although BOVESPA index showed to be more volatile than the other ones, 
IPyC index shows that whenever returns drop, the effect on the conditional 
volatility is greater than a bullish market . The TGARCH coefficient value 
showed to be greater than the GARCH coefficient value, then negative returns 
have been dominating positive ones besides the existence of bullish markets . 
The BOVESPA and MERVAL indices showed a larger TGARCH value with 
respect to the GARCH coefficient value. 

The evidence shows that negative shocks in the IPyC index imply a higher 
next period conditional variance than positive shocks of the same sign. This 
phenomenon was captured on the gamma coefficient of the EGARCH volatility 
model. 
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Finally, it was shown that each emerging stock market reacted in differ­
ent ways to each financial crisis. The IPyC index was more volatile when 
the Asian financial crisis occurred; the MERVAL and BOVESPA indices were 
more volatile during the Russian default and the Brazilian real crisis. Just the 
BOVESPA index showed to be the most volatile stock market in the Mexican 
peso crisis. 

Appendices: A. Figures 
Figure l. 
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Figure 8. TGARCH-GARCH Differences in Merval Daily returns . 
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Figure 9. TGARCH-GARCH Differences in Bovespa Daily returns. 
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B. Tables 

Table l. 

GARCH estimation equation on the IPyC Daily R eturns. 

Dependent Variable:RIPC 

Method:ML - ARCH 

Sample:l3297 

Included observations:3297 

Convergence achieved after 21 iterations 

Coefficient 

e 0.001414 

Std. Error z-Statistic 

0.000261 5.424411 

Variance Equation 

e 
ARCH(l) 

GARCH(l) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

l.66E - 05 

0.151895 

o. 797126 

- 0.001266 

- 0.002178 

0.017233 

0.977887 

9001.651 

Table 2. 

l.88E- 06 8.816056 

0.009028 16.82435 

0.011654 68.39991 

Mean dependent var 

S .D. dependent var 

Akaike info criterion 

Schwarz criterion 

Durbin-Watson stat 

GARCH estimation equation on the MERVAL Daily Returns . 

Dependent Variable:RMERVAL 

Method:ML - ARCH 

Sample:l3264 

Included observations:3264 

Convergence achieved after 18 iterations 

Coefficient 

e 0.001003 

Std. Error z-Statistic 

0.000366 2.73838 

Variance Equation 

e 
ARCH(l) 

GARCH(l) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

1.24E- 05 

0.132394 

8.58E- Ol 

- 0.000003 

- 0.000924 

0.031176 

3.168472 

7462 .608 

l. 62E- 06 7.678194 

0.00746 17.74683 

0.007042 121. 7977 

Mean dependent var 

S.D. dependent var 

Akaike info criterion 

Schwarz criterion 

Durbin-Watson stat 

Prob. 

0.000000 

0.000000 

0.000000 

0.000000 

0.000801 

0.017214 

- 5.458084 

- 5.450682 

1.749463 

Prob. 

0.0062 

0.000000 

0.000000 

0.000000 

0.001061 

0.031161 

- 4.570226 

- 4.562762 

l. 757803 
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Table 3 . 

GARCH estimation equation on the BOVESPA Daily Returns. 

Dependent Variable:RBOVESPA 

Method:ML - ARCH 

Sample:13248 

Included observations:3248 

Convergence achieved after 18 iterations 

Coefficient 

e 0.00244 

Std . Error z-Statistic 

0.000419 5.824281 

Variance Equation 

e 
ARCH(l) 

GARCH(l) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

1.18E- 05 

0.138531 

0.859257 

- 0.003163 

- 0.004091 

0.034968 

3.966566 

6932.994 

Table 4. 

2.22E- 06 5.284722 

0.008845 15.66262 

0.008507 101.01 

Mean dependent var 

S.D. dependent var 

Akaike info criterion 

Schwarz criterion 

Durbin-Watson stat 

TGARCH estimation equation on the IPyC Daily Returns . 

Dependent Variable:RIPC 

Method:ML - ARCH MARQUARDT 

Sample: 13297 

Included observations:3297 

Convergence achieved after 15 iterations 

Bollerslev-Wooldrige robust standard errors & covariance 

e 

e 
ARCH(l) 

(RESID < O)* ARCH(l) 

GARCH(l) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

Coefficient Std. Error z-Statistic 

4.078823 0.001013 0.000248 

Variance Equation 

1.49E- 05 2.96E- 06 5.030027 

0.041524 0.013674 3.036717 

0.181558 0.03433 5.288674 

0.821896 0.023819 34.50607 

- 0.000152 Mean dependent var 

- 0.001367 S.D. dependent var 

0.017226 Akaike info criterion 

0.976799 Schwarz criterion 

9058.856 Durbin-Watson stat 

Prob. 

0.000000 

0.000000 

0.000000 

0.000000 

0.004402 

0.034896 

- 4.266622 

- 4.259127 

1.771405 

Prob. 

0.000000 

0.000000 

0.002400 

0.000000 

0.000000 

0.000801 

0.017214 

- 5.492178 

- 5.482926 

l. 751412 
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Table 5. 

TGARCH estimation equation on the MERVAL Daily Returns. 

Dependent Variable:RMERVAL 

Method:ML - ARCH 

Sample:l3264 

Included observations:3264 

Convergence achieved after 19 iterations 

Bollerslev-Wooldrige robust standard errors & covariance 

e 

e 
ARCH(l) 

(RESID<O)* ARCH(l) 

GARCH(l) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

Coefficient Std. Error z-Statistic 

0.000491 0.00035 1.402314 

Variance Equation 

l.17E-05 

0.084935 

0.093547 

0.86033 

- 0.000334 

- 0.001561 

0.031186 

3.169518 

7482.616 

Table 6. 

3.03E- 06 

0.022453 

0.02969 

0.017661 

3.853254 

3.782851 

3.150846 

48. 71404 

Mean dependent var 

S.D. dependent var 

Akaike info criterion 

Schwarz criterion 

Durbin-Watson stat 

TGARCH estimation equation on the BOVESPA Daily Returns. 

Dependent Variable:RBOVESPA 

Method:ML - ARCH 

Sample:l3248 

Included observations:3248 

Convergence achieved after 21 iterations 

Bollerslev-Wooldrige robust standard errors & covariance 

e 

e 
ARCH(l) 

(RESID<O)* ARCH(l) 

GARCH(l) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

Coefficient Std. Error z-Statistic 

0.002091 0.000404 5.173872 

Variance Equation 

l.03E- 05 2.68E- 06 3.833016 

0.110667 0.016445 6.729523 

0.057438 0.02679 2.144021 

0.86271 0.013652 63.19407 

- 0.004385 Mean dependent var 

- 0.005624 S.D. dependent var 

0.034994 Akaike info criterion 

3.971397 Schwarz criterion 

6940. 761 Durbin-Watson stat 

Prob. 

0.16080 

0.0001 

0.0002 

0.0016 

0.0000 

0.001061 

0.031161 

- 4.581873 

- 4.572542 

l. 757223 

Prob. 

0.000000 

0.000100 

0.000000 

0.032000 

0.000000 

0.004402 

0.034896 

- 4.270789 

- 4.26142 

1.76925 
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Table 7. 

EGARCH estimation equation on the IPyC Daily Returns. 

Dependent Variable:RIPC 

Method:ML - ARCH 

Sample:l3297 

Included observations:3297 

Convergence achieved after 122 iterations 

Bollerslev-Wooldrige robust standard errors & covariance 

Coefficient Std. Error z-Statistic 

e 0.000844 0.000257 3.286895 

Variance Equation 

e 
1 RES J / SQR[GARH](l) 

RES/SQR[GARCH](l) 

EGARCH(l) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

- 0.68344 

0.242036 

- 0.113641 

0.939965 

- 0.000006 

- 0.001221 

0.017224 

0.976657 

9052.168 

Table 8. 

0.130957 

0.036344 

0.02111 

0.013695 

- 5.218806 

6.659573 

- 5.383391 

68.63538 

Mean dependent var 

S.D. dependent var 

Akaike info criterion 

Schwarz criterion 

Durbin-Watson stat 

EGARCH estimation equation on the MERVAL Daily Returns. 

Dependent Variable:RMERVAL 

Method:ML - ARCH 

Sample:l3264 

Included observations:3264 

Convergence achieved after 47 iterations 

Bollerslev-Wooldrige robust standard errors & covariance 

e 

e 
IRESJ/SQR[GARH](l) 

RES/SQR[GARCH](l) 

EGARCH(l) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

Coefficient Std. Error z-Statistic 

0.00054 0.000368 1.465597 

Variance Equation 

- 0.379406 

0.267969 

- 0.054977 

0.976332 

- 0.00028 

- 0.001507 

0.031185 

3.169347 

7470.911 

0.06125 

0.037064 

0.021079 

0.006152 

- 6.194436 

7.229845 

- 2.608159 

158. 712 

Mean dependent var 

S.D . dependent var 

Akaike info criterion 

Schwarz criterion 

Durbin-Watson stat 

Prob. 

0.001000 

0.000000 

0.000000 

0.000000 

0.000000 

0.000801 

0.017214 

- 5.488121 

- 5.478869 

l. 751667 

Prob. 

0.142800 

0.000000 

0.000000 

0.009100 

0.000000 

0.001061 

0.031161 

- 4.5747 

- 4.56537 

1.757318 
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Table 9. 

EGARCH estimation equation on the BOVESPA Daily Returns. 

Dependent Variable:RBOVESPA 

Method:ML - ARCH 

Sample:l3248 

Included observations:3248 

Convergence achieved after 33 iterations 

Bollerslev-Wooldrige robust standard errors & covariance 

e 

e 
IRESl/SQR[GARH](l) 

RES/SQR[GARCH](l) 

EGARCH( l ) 

R-squared 

Adjusted R-squared 

S.E. of regresion 

Sum squared resid 

Log likelihood 

Coefficient Std. Error z-Statistic 

0.002223 0.000395 5.632614 

Variance Equation 

- 0.337406 0.046103 - 7.318445 

0.269997 0.033456 8.070216 

- 0.034161 0.01713 - 1.994161 

0.982027 0.004446 220.8882 

- 0.003902 Mean dependent var 

- 0.00514 S. D. dependent var 

0.034986 Akaike info criterion 

3.969486 Schwarz criterion 

6942.295 Durbin-Watson stat 

Table 10 

GARCH coefficient values. 

ªº C>1 /31 C>1 + /31 

Mexico IPyC l.66E - 05 0.151895 0.797126 0.949021 

Argetina MERVAL l.24E - 05 0.132394 8.58E- Ol 0.990147 

Brasil BOVESPA l.18E - 05 0.138531 0.859257 0.997788 

Table 11 

TGARCH coefficient values. 

ªº C>1 1 /31 

Prob. 

0.000000 

0.000000 

0.000000 

0.046100 

0.000000 

0.004402 

0.034896 

- 4.271733 

- 4.262365 

1.770101 

CT2 

0.000326 

0.001258 

0.005335 

Mexico IPyC l.49E- 05 0.041524 0.181558 0.821896 

Argetina MERVAL l.17E- 05 0.084935 0.093547 0.86033 

Brasil BOVESPA l.03E- 05 0.110667 0.057438 0.86271 
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Table 12 

EGARCH coefficient values. 

w °' 'Y (3 

Mexico IPyC - 0.68344 0 .242036 - 0.113641 0.939965 

Argetina MERVAL - 0. 379406 0 .267969 - 0.054977 0.976332 

Brasil BOVESPA - 0.337406 0 .269997 - 0.034161 0.982027 
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