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Abstract

This paper investigate the time series behavior of stock 

returns for KOSDAQ, KOSPI daily index. The Volatility 

effects in financial time series vary according to the signs of 

the return rates. Asymmetric EGARCH and GJR-GARCH 

processes extend standard GARCH toward asymmetric 

volatility modeling.  As preliminary to detection of asymmetry 

in volatility, we suggest graphs of squared-log-returns for 

various financial time series including KOSDAQ, KOSDAQ100, 

KOSPI, KOSPI200. Next, asymmetric EGARCH(1,1) and 

GJR-GARCH(1,1) model fits are provided in comparisons 

with standard GARCH(1,1) models. Analysing these models 

suggests that asymmetric effect on the conditional volatility 

of stock return rates certainly exists.

Keywords: Asymmetric volatility, KOSDAQ, KOSPI,

            EGARCH(1,1), GJR-GARCH(1,1), 

Student Number : 2012-20234
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Chapter 1

Introduction

The negative correlation between stock returns and 

volatility is usually discovered in empirical finance(Nelson, 

1991). Such a phenomenon is known as asymmetric 

volatility. One explanation for this is the so-called leverage 

effect(Black, 1976), which occurs when stock prices change 

are negatively correlated with changes in volatility ; this 

makes the stock riskier and increases its volatility. 

Observations of this type in financial time series have led to 

the use of a wide range of varying variance models to 

estimate and predict volatility. 

Engle(1982) proposed to model time-varying conditional 

variance with Autoregressive Conditional Heteroskedasticity 

(ARCH) processes. Empirical evidences showed that a high 

ARCH order is needed to capture the dynamic behavior of 
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conditional variance. The Generalized ARCH(GARCH) 

model(Bollerslev, 1986) enlarge ARCH model as it reduces 

the number of estimated parameters. Both the ARCH and 

GARCH models capture volatility clustering and leptokurtosis, 

but as their distribution is symmetric, they fail to model the 

leverage effect. To adress this problem, many nonlinear 

extensions of GARCH have been proposed, such as the 

Exponential GARCH(EGARCH) by Nelson(1991) and GJR 

model by Glosten et al. (1993).

The purpose of this article is to characterize a volatility 

model by capture persistence of volatility, mean reverting 

behavior and asymmetric impacts of negative and positive 

return. We investigate the performance of GARCH, EGARCH, 

and GJR-GARCH models together with the normal 

distribution. Our results suggest that EGARCH and 

GJR-GARCH better estimate asymmetric volatility than the 

traditional GARCH. Especially, the GJR-GARCH model shows 

a better performance than the EGARCH model. 

This article is structured as follows. Chapter 2 presents 

the data. In Chapter 3, we present the methodology of the 

GARCH models. In Chapter 4, we show the results and 

related graphs.



3

Chapter 2

The data and time series plot

The data consist of 1232 daily observations of the 

KOSDAQ, KOSDAQ100, KOSPI, and KOSPI200 index from 5 

January 2009 to 18 December 2013 that were obtained 

KRX(Korea exchange). To estimate these indices, I use 

"rugarch" package of R, a package whose purpose is to 

estimate and forecast GARCH models and many of its 

extensions. 

Daily stock returns are obtained by taking logarithmic 

difference of the daily stock index times 100. That is, 

 log log where  is the closing value of 

the index at date .

The negative correlation between stock returns and 

volatility is a well established fact in empirical finance. Such 
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a phenomenon is known as asymmetric volatility, according to 

which a drop in the value of a stock increases financial 

leverage. In order to visually identify them, we suggesst 

graphs of squared-log-returns. To identify asymmetric 

volitility, positive return is marked at + axis, and negative 

return is marked at - axis. 
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Figure 2.1 : Time series plot of squared-log-returns of KOSDAQ  

      daily index

Figure 2.2 :  Time series plot of squared-log-returns of KOSDAQ100  

      daily index
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Figure 2.3 : Time series plot of squared-log-returns of KOSPI  

      daily index

Figure 2.4 : Time series plot of squared-log-returns of KOSPI200  

      daily index
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Chapter 3

Related models

3.1. ARCH model

Given the importance of predicting volatility in many 

asset-pricing problems, the most popular one is the 

autoregressive conditional heteroskedasticity(ARCH) model 

(Engle,1982). 

The conditional mean function of daily index returns is 

modelled as a kth order autoregression

   
 



 (3.1)
  

    The AR(k) terms account for the economically minor but 

statistically significant kth order autocorrelation in the daily 

index returns. The daily forecast errors() are assumed to 
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be conditionally normally distributed with a zero mean and 

variance 
 based on the information set  available at time 

t-1 ∼ 
. The ARCH models are specified as 

follows;

   
   

 




 (3.2)

3.2. GARCH model

Although the ARCH model is simple, it often requires 

many parameters to adequately describe the volatility 

process of an asset return. Bollerslev(1986) proposes a 

useful extension known as the generalized ARCH(GARCH) 

model. For a log return series , let   be the 

innovation at time . Then  follows a GARCH(m,s) model if

  
 

 




 

 




 (3.3)

where again {} is a sequence of iid random variables with 

mean 0 and variance 1, 

   ≥ ≥ and 
 

max
  .
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3.3. EGARCH model

Despite the apparent success of these simple 

parameterizations, the ARCH and GARCH models cannot 

capture some important features of the data. The most 

important feature is the leverage effect discovered by 

Black(1976). This effect occurs when an unexpected drop in 

price(bad news) increases predictable volatility more than an 

unexpected increase in price(good news) of similar 

magnitude.

To overcome some weaknesses of the GARCH model in 

handling financial time series. Nelson(1991) proposes the 

exponential GARCH(EGARCH) model. In particular, to allow 

for asymmetric effects between positive and negative asset 

returns, he considers the weighted innovation

     

where  and  are real constants. Both  and  

are zero-mean iid sequences with continuous distributions. 

Therefore,    The asymmetry of  can easily be 

seen by rewriting it as

   i f  ≥

 i f   
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The   model reads as follows;

ln     
 

   



  ln   (3.4)

Note that this specification models the natural logarithm 

of conditional variance instead of variance itself. Hence 

forecasts of the conditional variance are guaranteed to be 

nonnegative. 

This model implies that the asymmetric effect is 

exponential, rather than quardratic. The coefficient  

measures the asymmetric impact if any. 

3.4. GJR-GARCH model

Another volatility model commonly used to handle 

leverage effect is the GJR-GARCH model; see Glosten, 

Jagannathan, and Runkle(1993). A GJR-GARCH(m,s) model 

assumes the form


 

 




  

 




  (3.5)

where  is an indicator for negative , that is,

   i f   
 i f ≥
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and   and  are non-negative parameters satisfying 

conditions similar to those of GARCH models. From the 

model, it is seen that a positive    contributes 
  to 

 , 

whereas a negative  has a larger impact 
  with 

 . The model uses zero as its threshold to separate the 

impacts of past shocks.

    
    

  
 

 
 (3.6)

where 
 is a binary dummy variable taking the value of 

1 if   , and 0 otherwise. Hence if model will produce a 

higher estimate of conditional volatility compared to an equal 

magnitude of positive forecast error assuming that   .
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Chapter 4

Empirical resuts

The basic estimation model consists of two equations, one 

for the mean which is AR(0) or a simple autoregressive 

AR(1) model and another for the variance which is identified 

by a particular ARCH specification, i.e., GARCH(1,1), 

EGARCH(1,1), GJR-GARCH(1,1). The models are estimated 

using "rugarch" package of R by the approximate 

quasi-maximum liklihood estimator assuming normal errors. 

Note that it is quite evident that the recursive evaluation of 

maximum liklihood is conditional on unobserved values and 

therefore the estimation cannot be considered to be perfectly 

exact.

To compare the different models, we apply standard 

criteria: The Log-liklihood, Akaike information criterion(AIC) 
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and Bayesian Information Criterion(BIC). Table 4.1-4.8 

present the significant results. Indeed Log-liklihood, AIC, 

BIC value reveal that EGARCH and GJR-GARCH better 

estimate the series than the traditional GARCH. And for most 

measures in the variance equation, the GJR-GARCH model 

outperforms the EGARCH model. 

In case of GJR, if leverage effect exists,  is greater than 

0. However, in all cases,  is greater than 0 is less than 0 

significantly. So, it indicate that there is no leverage effect. 
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Result of model fitting

Mean model(AR(1) or AR(0)) :      or  

Variance model 

GARCH(1,1) : 
   

   


EGARCH(1,1) : ln     
     

     



  ln   

GJR-GARCH(1,1) : 
   

   
   

   

Table 4.1 : Regression coefficients of daily KOSDAQ returns

GARCH(1,1) EGARCH(1,1) GJR-GARCH(1,1)

coefficient Est P-value Est P-value Est P-value

 0.034 0.258 0.148 0.000 0.115 0.000

 0.081 0.011 0.141 0.000 0.123 0.000

 0.183 0.000 0.043 0.009 0.121 0.000

 0.376 0.000 0.338 0.000 0.622 0.000

 0.563 0.000 0.904 0.000 0.686 0.000

 0.398 0.000 -0.617 0.000

Table 4.2 : Log-liklihood, AIC and BIC of daily KOSDAQ returns

GARCH(1,1) EGARCH(1,1) GJR-GARCH(1,1)

Log-liklihood -1921.78 -1856.72 -1853.16

AIC 3.128 3.024 3.018

BIC 3.149 3.049 3.043
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Table 4.3 : Regression coefficients of daily KOSDAQ100 returns

GARCH(1,1) EGARCH(1,1) GJR-GARCH(1,1)

coefficient Est P-value Est P-value Est P-value

 0.032 0.296 0.134 0.000 0.106 0.000

 0.204 0.000 0.052 0.001 0.126 0.000

 0.316 0.000 0.269 0.000 0.552 0.000

 0.602 0.000 0.914 0.000 0.717 0.000

 0.372 0.000 -0.539 0.000

Table 4.4 : Log-liklihood, AIC and BIC of daily KOSDAQ100 returns

GARCH(1,1) EGARCH(1,1) GJR-GARCH(1,1)

Log-liklihodd -1999.13 -1953.12 -1948.81

AIC 3.252 3.179 3.172

BIC 3.268 3.200 3.193
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Table 4.5 : Regression coefficients of daily KOSPI returns

GARCH(1,1) EGARCH(1,1) GJR-GARCH(1,1)

coefficient Est P-value Est P-value Est P-value

 0.053 0.061 0.098 0.000 0.100 0.000

 0.018 0.043 0.008 0.023 0.016 0.016

 0.072 0.000 0.111 0.000 0.143 0.000

 0.919 0.000 0.991 0.000 0.938 0.000

 0.096 0.000 -0.165 0.000

Table 4.6 : Log-liklihood, AIC and BIC of daily KOSPI returns

GARCH(1,1) EGARCH(1,1) GJR-GARCH(1,1)

Log-liklihodd -1874.48 -1840.763 -1838.12

AIC 3.052 2.999 2.995

BIC 3.069 3.020 3.015
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Table 4.7 : Regression coefficients of daily KOSPI200 returns

GARCH(1,1) EGARCH(1,1) GJR-GARCH(1,1)

coefficient Est P-value Est P-value Est P-value

 0.057 0.063 0.114 0.000 0.100 0.000

 0.019 0.051 0.009 0.001 0.015 0.001

 0.063 0.000 0.101 0.000 0.122 0.000

 0.928 0.000 0.992 0.000 0.948 0.000

 0.093 0.000 -0.145 0.000

Table 4.8 : Log-liklihood, AIC and BIC of daily KOSPI200 returns

GARCH(1,1) EGARCH(1,1) GJR-GARCH(1,1)

Log-liklihodd -1954.53 -1925.40 -1922.74

AIC 3.182 3.136 3.132

BIC 3.199 3.157 3.153
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To characterize the impact of innovations on volatility, an 

interesting tool is the News Impact Curve introduced by 

Engle and Ng(1993). The idea is to examine the implied 

relation between  and 
, holding constant the information 

dated t-2 earlier. In the GARCH model, this curve is a 

quadratic function centered on  . For the EGARCH and 

GJR-GARCH, it has its minimum at  , and is 

exponentially increasing in both direction but with different 

parameters.(see Figure 4.1-4.4). In graphs of the news 

impact curve, EGARCH and GJR-GARCH model reflect 

asymmetry obviously.
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Figure 4.1 : The news impact curves of KOSDAQ index
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Figure 4.2 : The news impact curves of KOSDAQ100 index
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Figure 4.3 : The news impact curves of KOSPI index
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Figure 4.4 : The news impact curves of KOSPI200 index
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Chapter 5

Conclusion

In this thesis, Performance of several GARCH models 

using KOSDAQ, KOSPI stock index returns is compared. In 

graphs of squared-log-returns and the news impact curve , 

we can guess asymmetry volatility. At result of estimation, 

EGARCH and GJR-GARCH better estimate the series than 

the traditional GARCH. So volatility of KOSDAQ, KOSPI index 

might have asymmetry with high possibility and this 

asymmetry is one of general properties of financial time 

series. Especially, the GJR-GARCH model shows a better 

performance the EGARCH model. This result implies that the 

GJR-GARCH model might be more useful than EGARCH 

model. Therefore we can say that GJR-GARCH would be 

one of the best model in estimating volatility on KOSDAQ, 

KOSPI index.



24

Bibliography

Alberg, D., Shalit, H.. and Yosef, R. (2008). "Estimating stock 

market volatility using asymmetric GARCH models", Applied 

Financial Economics, 18, 1201-1208

Awartani, B., and Corradi, V. (2005). "Predicting the volatility 

of the S&P-500 stock index via GARCH models : the role of 

asymmetries", International Journal of Forecasting, 21, 

167-183

Black, F.(1976). "Studies of stock market volatility changes", 

Proceedings of the American Statistical Association, Business 

and Economic Statistics Section, 177-181

Bollerslev, T. (1986). "Generalized Autoregressive 

Conditional Heteroskedasticity", Journal of Econometrics, 31, 

307-328



25

Chang, T. C. and Doong, S. (2001). "Empirical Analysis of 

Stock Returns and Volatility : Evidence from Seven Asian 

Stock Markets Based on TAR-GARCH Model"

Engle, R.(1982). "Autoregressive Conditional 

Heteroskedasticity with Estimates of the Variance of U.K. 

Inflation", Econometrica, 50, 987-1008

Engle, R. and V. K. NG. (1993). "Measuring and Testing the 

Impact of News on Volatility", The Journal of Finance, 48, 

1749-1778

Glosten, L., Jagannathan, R. and Runkle, D. (1993). "On the 

Relation between the Expected Value and the Volatility of the 

Nominal Excess Return on Stocks", Journal of Finance, 48, 

1779-1801

Mandelbrot, B.(1963). "The variation of certain speculative 

prices", Journal of Business, 15, 394-419.

Nelson, D.B. (1991). "Conditional Heteroscedasticity in Asset 

Pricing : a New Approach", Econometrica, 59, 347-370



26

국 문 초 록

 일반적인 ARCH형태의 모형들은 수익률 분산의 부호에 따른 비

대칭 변동성(asymmetric volatility effect)는 반영할 수 없다는 단

점을 가진다. 이 문제를 해결하기 위해 비대칭 조건부 이분산 모형

인 EGARCH 모형과 GJR-GARCH 모형이 제안되었다.

 본 논문에서는 국내 주식 시계열 자료(KOSDAQ, KOSPI)를 바

탕으로 EGARCH 모형과 GJR-GARCH 모형을 적합한 후 기존의 

GARCH 모형과 비교분석 하였다. 그 결과 비대칭 조건부 이분산 모

형이 더 좋은 결과를 제시하였고, 이를 통해 주가지수의 변동성은 

수익률의 부호에 영향을 받는 비대칭 변동성 효과가 존재한다고 할 

수 있다.

주요어 : 비대칭 변동성, EGARCH(1,1), GJR-GARCH(1,1),

          KOSDAQ, KOSPI

학  번 : 2012-20234
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