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Abstract: This paper models and estimates the volatility of nonfinancial, innovative and hi-tech 

focused stock index, the Nasdaq-100, using univariate symmetric and asymmetric GARCH models. 

We employ GARCH, EGARCH and GJR-GARCH using daily data over the period January 4, 2000 

through March 19, 2019. We find that the volatility shocks on the index returns are quite persistent. 

Furthermore, our findings show that the index has leverage effect, and the impact of shocks is 

asymmetric, whereby the impacts of negative shocks on volatility are higher than those of positive 

shocks of the same magnitude. 
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1. Introduction 

All stakeholders in financial markets, especially investors are concerned with risks of the assets 

they invest in. Modelling and predicting financial assets’ volatility is an important signal for investors 

to balance their portfolios. Thus, academicians as well as practitioners have developed many models 

to analyze asset volatility. In general, volatility is a measure of the variance of returns on a time series 

of asset prices over a given period (Cizeau et al (1997)) and it quantifies the risk related to that asset. 

Financial asset returns are commonly characterized by volatility clustering, that is, extended periods 

of “violent” or high market volatility followed by a period of high volatility, and “calm" or low 

market volatility followed by period of low volatility (Tsay (2010)).  Additionally, financial time 

series tend to exhibit negative skewness, excess kurtosis, and temporal persistence in conditional 

variance (Andersen eta al (2001)). Besides these, financial assets returns are observed to often have 

thicker tails than expected under normality. Some studies propose that these tails might be so thick 

as to have come from a Cauchy distribution, or other distributions with infinite moments 

(Mandelbrot (1963)). 

Under linear assumptions, these stylized facts of financial time series may introduce errors into 

the analysis of financial asset prices. Nevertheless, recent studies in the literature show that financial 

time series, most of the time, exhibit nonlinear dynamics (Franses and van Dijk (2000); Kumar 

Narayan (2005)). Time series nonlinearities may manifest from either conditional variance or 

conditional mean, or both. Nonlinear time series of conditional mean are modeled through threshold 

autoregressive models (TAR) or Markov switching models. However, if the nonlinearity is a result of 

conditional variance, such series are modeled with autoregressive conditional heteroscedasticity 

(ARCH) models developed by Engle (1982). Engel’s model describes the variance of the current error 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 25 September 2019                   doi:10.20944/preprints201909.0280.v1

©  2019 by the author(s). Distributed under a Creative Commons CC BY license.

Peer-reviewed version available at The Journal of Economic Asymmetries 2020, 22, e00167; doi:10.1016/j.jeca.2020.e00167

https://www.mdpi.com/2227-7072/7/2/27/htm#B14-ijfs-07-00027
https://en.wikipedia.org/wiki/Variance
https://doi.org/10.20944/preprints201909.0280.v1
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jeca.2020.e00167


 

term as a function of the previous  periods' error terms. Bollerslev (1986) advanced Engle’s model to 

Generalized Autoregressive Conditional Heteroskedasticity model (GARCH) to allow for changes in 

the time dependent volatility, such as decreasing or increasing volatility in the same series. Since 

then, there have been several derivations of the GARCH model, with letters from alphabet coming 

before the root name. The volatility clustering implied by ARCH and GARCH models also implies 

thicker tails than normal (Levendis, (2018)). 

This paper models the volatility of Nasdaq-100, a nonfinancial, innovative and hi-tech stock, 

index’s returns by employing various univariate conditional heteroscedasticity models. To this end, 

we examine the volatility of Nasdaq-100 index using symmetric and asymmetric models, namely 

GARCH, EGARCH and GJR-GARCH models with daily closing prices of the index over the sample 

space of January 4, 2000 to March 19, 2019. By so doing, we are addressing the gap in the literature 

on volatility analysis of the Nasdaq-100 index with symmetric and asymmetric models through 

extended time span covering the 2008 financial crisis and its aftermath.  

Nasdaq-100 (NDX) is a young high-tech-focused index covering companies from telecom to 

biotechnology and it is the world's preeminent large-cap growth index. With technology influencing 

the world more and more each day and making companies more efficient and interdependent, paying 

attention to the technology sector is very appropriate.  Nasdaq-100, with its large exposure towards 

technology, also closely tracks the volatility of S&P 500, the main peer equity index (Nasdaq web 

page (2019)).  To the best of our knowledge, there are no studies in the literature that 

comprehensively investigate the dynamics of Nasdaq-100 daily index return volatility with 

symmetric and asymmetric GARCH models over a very long period of time, in this case 2000 – 2019.  

The remaining part of the paper is organized as follows: Section two presents the Literature Review 

while section three describes the Methodology used. Data and Empirical Results are set forth in 

section four and section five presents the Summary and Conclusion. 

2. Literature Review 

There are many studies in the literature using GARCH type and other approaches to model 

financial assets volatility. Our objective in this paper is to investigate the volatility of Nasdaq-100 

index and to that end, we focus on reviewing previous studies done on this index. At the same time, 

we start first by briefly examining studies that investigate the volatility of stock indexes at emerging 

and developing economies. 

Abdalla and Winker (2012) estimate the volatility of Egyptian and Sudanese markets for the 

period of January 2006 to November 2010 by employing symmetric and asymmetric GARCH models. 

They report conditional volatility of returns of explosive and quite persistent nature for both 

countries. Ugurlu et al (2014) uses GARCH, GJR-GARCH and EGARCH models to examine the 

volatility of stock indexes from five European emerging markets, namely Turkey, Bulgaria, Czech 

Republic, Poland and Hungary. They find volatility shocks that are persistent at those markets and 

conclude that the impact of old news is significant on volatility. Koy and Ekim (2016) apply GARCH, 

EGARCH and TGARCH models to illustrate volatility of four Borsa Istanbul sub-indexes for the 

period of 2011-2014. They find no significant asymmetric impact of shocks on the volatility of banking 

shares, while all other sub-indices exhibit asymmetry. 

Lu and Perron (2010) use random level shift model (incorporated into GARCH) to simulate and 

forecast volatility of four US stock market indices including Nasdaq. Their findings show that level 

shift model successfully captures long-memory and conditional heteroscedasticity, and it 
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outperforms GARCH (1,1) model in forecasting. On their part, Chu and Lam (2011) address 

limitations of Andersen and Bollerslev’s (1997) sequential estimation method for modeling an 

intraday volatility process. With 10-min returns of the Nasdaq composite stock index from15 August 

2005 to 12 September 2008, they search for better ARCH parameters, and propose an approach that 

considers the interaction effect between the periodicity and the heteroscedasticity. Chen et al (2012) 

study volatility of thirty most actively traded Nasdaq stocks with after-hours information added to 

GARCH model. They find pre-open coefficients in the model to be positive and significant for 23 of 

the 30 stocks, however the post-close variance to have less power in predicting the future conditional 

volatility. Caporale and Gil‐Alana (2011) examine volatility persistence and long-memory property 

of Nasdaq-100 index with daily data from January2, 2001 to February 20, 2004. Utilizing Gaussian 

semiparametric method, they find that the Nasdaq-100 volatility has long memory with the effect of 

the shocks fading out in the long run, and the mean reversion process holds. Molnár (2016) employs 

Range-GARCH (1,1) model to investigate volatility at six stock indices including Nasdaq-100 with 

daily data. He finds Nasdaq volatility to be explosive (1.028 value of α+β) with R-GARCH model, 

which outperforms standard GARCH (1,1) model in forecasting. However, his R-GARCH model 

does not capture leverage effect in the Nasdaq-100 series. In their recent study Augustyniak et al 

(2018) propose Factorial Hidden Markov Volatility model, a new approach, to simulate volatility of 

the Nasdaq-100 index among other series. Their new approach outperforms other peer methods at 

modelling and forecasting Nasdaq-100 return series volatility at short and long-run horizons. Altun 

(2018) applies two-sided Lomax distribution to GJR-GARCH models to forecast value-at-risk. He uses 

daily Nasdaq-100 index data for the period of 14 March 2014 – 13 April 2018 and finds that GJR-

GARCH model produce more accurate forecasts under two-sided Lomax distribution, and 

successfully models skewness and excess kurtosis of the index. Moreover, very recently, Chang et al 

(2019) propose modified Grey-GARCH model to investigate the volatility of the daily dynamics of 

Nasdaq closing prices. Comparing their suggested model with ordinary Grey-GARCH and standard 

GARCH model, they find that Nasdaq-100 index prices’ volatility can be modelled and forecasted 

better with their model. 

This paper contributes to the literature with its focus on modeling Nasdaq-100 index volatility 

with symmetric and asymmetric univariate GARCH models through extended period covering the 

2008 financial crisis and its aftermath. 

 

3. Methodology 

3.1 The GARCH model 

Since financial markets data often exhibit varying volatility, autoregressive (AR) and moving 

average (MA) models, that assume the conditional variances are constant, cannot capture the 

nonlinear dynamics. Linear models are unable to explain characteristics like volatility clustering, 

leverage effects, leptokurtosis and long memory in financial series (Zivot (2009). Thus, we employ an 

econometric method that allows modeling nonlinear patterns as non-constant volatility. 

Autoregressive conditional heteroscedasticity (ARCH) and its derivative models are popularly 

utilized in modelling and forecasting asset dynamics. Bollerslev (1986) extended Engle’s work (1982) 

and developed the technique that allows for both autoregressive (AR) and moving average (MA) 

components in the heteroskedastic variance. This is the generalized Autoregressive Conditional 

Heteroscedasticity, GARCH (p, q), model. The goal of this type of model is to develop a volatility 
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measure that can be used in financial decision-making process. General GARCH model expresses the 

variance as: 

𝜎𝑡
2 = 𝛼0 + ∑ 𝛼𝑖𝜀𝑡−𝑖

2𝑞
𝑖=1 + ∑ 𝛽𝑗𝜎𝑡−𝑗

2𝑝
𝑗=1          (1) 

where, 𝜎𝑡
2 is conditional variance, εt is return residual and α0, αi, βj are parameters to be estimated. 

The necessary condition for the positive variance is nonnegative value of α0, αi, βj parameters, and 

αi+βj is expected to be less than 1 for the model to be valid. In financial data series analysis, higher 

values of αi coefficient imply higher reaction of volatility to market shocks, while higher values of βj 

coefficient shows persistence of market shocks.  

Brooks and Burke (2010) suggest that GARCH (1,1) model is sufficient to capture the volatility 

clustering in financial data. In this paper we follow Brooks and Burke’s suggestion and use GARCH 

(1,1) with the following equations: 

Mean equation  𝑟𝑡 = 𝜇 + 𝜀𝑡         (2) 

Variance equation  𝜎𝑡
2 = 𝛼0 + 𝛼1𝜀𝑡−1

2 + 𝛽1𝜎𝑡−1
2       (3) 

with  𝛼0 > 0 and 𝛼1 ≥ 0 and  𝛽1 ≥ 0 conditions. 

where 𝑟𝑡 is the return of the asset at time t, 𝜇 is average return and 𝜀𝑡 is residual return. Since 𝜎𝑡
2 

is the variance at time t based on the past information at time t-1, it is called conditional variance. The 

conditional variance equation (3) above is a function of three variables: a constant term (𝛼0), volatility 

news at the previous period (𝜀𝑡−1
2  or ARCH term), calculated as the lag of the squared residuals from 

the mean equation (3.2.2) and the variance at previous period (𝜎𝑡−1
2 or GARCH term). That means 

conditional variance of ε at time t depends not only on the news about volatility from the previous 

period, but also on the last period conditional variance.  

To estimate the model, the mean return equation (2) is first estimated to get the residuals from 

the regression, which in turn will be utilized to test for ARCH and GARCH effects. Then, squared 

residuals series and conditional variance are regressed on their lags. The null hypothesis of no 

GARCH effects (that is there are no volatility clustering in the Nasdaq-100 returns) suggests that α0, 

α1 and β1 parameters be nonnegative to make conditional variance 𝜎𝑡
2 nonnegative. The sum of α1 

and β1 coefficients is a measure of persistence of volatility shocks and is expected to be less than 1. 

The sum of coefficients higher than 1 means the shock has explosive effect.  

3.2 The Exponential GARCH model 

Standard GARCH models assume that positive and negative error terms have a symmetric effect 

on the volatility. However, financial time series in practice exhibit asymmetrical nonlinear patterns 

because of various reasons such as transaction costs, market frictions, arbitrage limits and others 

(Aliyev (2019)). This means that the impact of “bad news” or negative shocks on conditional volatility 

may persist longer than impact of “good news” or positive shocks. GARCH model is unable to 

capture this leverage effect. The model that allows for the asymmetric effect of news is the 

Exponential GARCH (EGARCH) model proposed by Nelson (1991). This model allows for 

asymmetric reaction of conditional variance to shocks, and the EGARCH (1,1) is written as: 

Mean equation  𝑟𝑡 = 𝜇 + 𝜀𝑡 

Variance equation  𝑙𝑛(𝜎𝑡
2) = 𝛼0 + 𝛽1 𝑙𝑛(𝜎𝑡−1

2 ) + 𝛼1 [|
𝜀𝑡−1

𝜎𝑡−1
| − √

2

𝜋
] − 𝛾

𝜀𝑡−1

𝜎𝑡−1
              (4) 
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where γ denotes leverage effects which accounts for the asymmetry of the model. If γ<0 it means 

negative shocks (bad news) generate more volatility than positive shocks (good news), however γ>0 

means positive news are more destabilizing than negative ones. γ=0 shows the model to be 

symmetric. Since 𝑙𝑛(𝜎𝑡
2) may be negative, there are no sign restrictions for the parameters. 

3.3 The GJR-GARCH model 

Another model that accounts for asymmetry is GJR-GARCH model proposed by Glosten, 

Jagananthan and Runkle (1993). The model is a simple extension of standard GARCH, which allows 

the conditional variance to have a different response to past positive and negative shocks. The 

model’s conditional variance can be written as: 

𝑢𝑡
2 = 𝛼0 + 𝛼1𝑢𝑡−1

2 + 𝛽𝜎𝑡−1
2 + 𝛾𝑢𝑡−1

2 𝐼𝑡−1          (5) 

where 𝐼𝑡−1 is a dummy variable and:  

𝐼𝑡−1 = {
1 𝑖𝑓 𝑢𝑡−1 < 0,           𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑠ℎ𝑜𝑐𝑘

0 𝑖𝑓 𝑢𝑡−1 ≥ 0, 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝑠ℎ𝑜𝑐𝑘
}      (6) 

The coeffieincts at the equation (5) 𝛾 > 0 and 𝛾 ≠ 0 show leverage effect and asymmetric 

shocks respectively. The condition for non-negativity is 𝛼0 > 0, 𝛼1 > 0, 𝛽 ≥ 0 and 𝛼1 + 𝛾 ≥ 0 

(Brooks, 2008:405). 

4. Data and Empirical Findings 

4.1 Data 

We use daily Nasdaq-100 closing price data over the period January 4, 2000 through March 19, 

2019 to model the volatility of the index’s returns. This index includes 100 of the largest domestic and 

international non-financial companies across major industry groups including IT, retail/wholesale 

trade and biotechnology listed on the Nasdaq Stock Market. The data is obtained from Bloomberg 

terminal. To reduce change range and heteroscedasticity we use return (rt) data, and generate this by 

dividing the price at time t (pt) by the preceding price (pt-1) and taking the natural logarithm, and that 

is the logarithmic first difference: 

𝑟𝑡 = 𝑙𝑛 (
𝑝𝑡

𝑝𝑡−1
) 

where rt is the daily return, pt and pt-1 denote the index price for the day t and t-1 respectively. Figure 

1 plots the pattern of price and return graphs of the index under review.  

 

 

Figure 1: Nasdaq-100 index price (left) and return (right) series graph 
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The 4830 observations in the rt series have a mean value of 0.0000141 and a sample standard 

deviation of 0.015791. Table 1 reports descriptive statistics of the data. The distribution of returns 

remarkably differs from normality given the excess kurtosis and light right skewness implying some 

asymmetry. Heavy tailed leptokurtic distribution implies the index has low risk and return in the 

sample space. Consequently, based on the Jarque-Bera statistic, the null hypothesis of normality for 

the daily Nasdaq-100 is rejected at the 1% significance level. 

 

Table 1: Descriptive statistics of the Nasdaq-100 return series 

Statistics Value Histogram 

Mean 0.000141 

 

Median 0.000837 

Maximum 0.132546 

Minimum -0.101684 

Standard deviation .0015791 

Skewness 0.006345 

Kurtosis 8.861645 

Jarque-Bera 6914.757 

Prob. of Jarque-Bera 0.000000 

 

Stationarity of the series is tested with Augmented Dickey-Fuller (Dickey and Fuller, 1981) and 

Phillips-Perron (Phillips and Perron, 1988) unit root tests and reported on Table 2. Both test results 

reject null hypothesis that the return series has a unit root and that means the Nasdaq-100 return 

series is stationary in the period under study. 

 

Table 2: Unit root test results 

 t-Statistic Critical values at 5% level   Prob. 

ADF test statistic -52.96390 -2.861943  0.0001 

PP test statistic -72.02785 -2.861943  0.0001 

H0: Nasdaq-100 return series has a unit root 

 

 

 

4. 2 Empirical Results 

To model volatility and persistence at the Nasdaq-100 index we use GARCH (1,1) model that is 

a simplification of equation (3). After trying several ARMA (p, q) models we reached best fitting 

model. Then as a first step to test for conditional heteroscedasticity, we apply the Lagrange Multiplier 

(LM) test proposed by Engle (1982). To this end, et is estimated from the ordinary least squares 

regression, then squared residuals are regressed on a constant and q own lags to test ARCH order, as 

in the following equation: 

 

𝑒𝑡
2 = 𝛼0 + 𝛼1𝑒𝑡−1

2 + 𝛼2𝑒𝑡−2
2 + ⋯ + 𝛼𝑞𝑒𝑡−𝑞

2 + 𝑣𝑡       (7) 
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where 𝑣𝑡  is an error term. The test statistic is calculated as number of observations (N) times the R2 

obtained from the regression 4.1. The value of the test statistic (NR2) is evaluated against χ2 (q) 

distribution.  Following this procedure, we first regress return series (yt) on its mean and obtain 

residuals. We then test the null hypothesis that there are no ARCH effects in the residuals. The results 

of this ARCH-LM test are reported in Table 3. These results reject H0 and show that the series has 

ARCH effect on the residuals, implying that variance of returns of Nasdaq-100 series are non-

constant. Additionally, the volatility clustering pattern observed on return series graph depicted on 

Figure 1 above suggests ARCH type model, as well. 

 

Table 3: ARCH-LM test results 

ARCH-LM statistic Prob. Chi-square (1) 

4811.700 0.0000 

H0: There are no ARCH effect on residuals 

 

Since the residuals have ARCH effects we employ GARCH process to model this conditional 

heteroscedasticity. Considering that the data is not normally distributed we estimate the model with 

Student's t distribution. Iterating Marquardt steps to maximize log likelihood function we estimate 

GARCH parameters and obtain ARMA(1,1) mean equation. Estimation results are reported on Table 

4. Results show that constant term (α0), ARCH term (α1) and GARCH term (β1) are statistically 

significant. This means that conditional variance has correlation with lagged conditional variance 

and lagged squared disturbance, or financial news about volatility today has explanatory power on 

the next period’s volatility. The model output is shown on Appendix 1. 

The reported α1 measures the extent to which a volatility shock today feeds through into next 

period’s volatility (Campbell et al. 1997). For our series, Nasdaq-100, this coefficient is 0.090591 and 

this shows the presence of volatility clustering in the series over the period. The estimate of β1 

coefficient 0.906023 indicates a long memory in the variance. This indicates that changes in the current 

volatility will affect future volatilities for a long period or the impact of old news on volatility is long 

lasting. The sum of ARCH and GARCH terms α1+β1 is 0.996614 indicating volatility shocks are quite 

persistent. The financial implication of these coefficients for investors is that Nasdaq-100 index 

returns’ volatility exhibits clustering, and this permits investors to establish future positions in 

expectation of this characteristic.  

 

Table 4: Estimation results of GARCH models 

Parameter 
GARCH (1, 1) EGARCH GJR-GARCH 

Coef. Prob. Coef. Prob. Coef. Prob. 

Mean equation 

C 0.000915 0.0001 - 0.000575 0.001 

AR(1) 0.812776 0.0001 - - 

MA(1) -0.842160 0.0001 - - 

Variance equation 

α0 0.0000013 0.0001 -0.20935 0.0000 0.00000174 0.0000 

α1 0.090591 0.0000 -0.119352 0.0000 -0.000546 0.9483 

β1 0.906023 0.0000 0.987505 0.0000 0.911589 0.0000 
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γ - 0.122569 0.0000 0.153715 0.0000 

α1+β1 0.996614 0.868153 0.912135 

Log likelihood 14476.43 14543.63 14532.17 

ARCH-LM test 1.413528 0.2345 2.259458 0.1328 8.142256 0.1486 

 

We apply Engle-Ng (1993) test to determine if the series require asymmetric model. The test is 

applied to residuals of GARCH(1,1) model. Firstly, to find out if the volatility is sign biased, we test 

significance of  𝜑1in the equation (8). 

 

𝑢𝑡
2 = 𝜑0 + 𝜑1𝑆𝑡−1

− + 𝑣𝑡         (8) 

 

From the test results (see Appendix 2) the coefficient of dummy of negative shock (𝜑1 ) is 

statistically significant, and this means positive and negative shocks impact asymmetrically on 

conditional variance. Then, negative shock bias test results (see Appendix 3) show that the 

asymmetry comes from negative shocks. Finally, joint test for sign and size bias based on equation 

(9) finds  𝜑2 and 𝜑3 significant. 

 

𝑢𝑡
2 = 𝜙0 + 𝜑1𝑆𝑡−1

− + 𝜑2𝑆𝑡−1
− 𝑢𝑡−1 + 𝜑3𝑆𝑡−1

+ 𝑢𝑡−1 + 𝑣𝑡       (9) 

 

Results (see Appendix 4) show that negative shock decreases conditional variance by 0.019 times 

whereas positive shock only increases by 0.009 times. To test the null hypothesis of no asymmetric 

effects we calculate NR2 from the equation (9), that asymptotically follows χ2 distribution, and find 

365.16 >7.81. We reject null hypothesisand this means that magnitude of negative shocks is not the 

same as that of postivie shocks. 

To capture the asymmetric impact of different type of news (or leverage effect), we employ 

EGARCH and GJR-GARCH models. An advantage of the EGARCH model in comparison with basic 

GARCH model is that the conditional variance, 𝜎𝑡
2, is guaranteed to be positive regardless of the 

values of the coefficients in equation 6, even if the parameters are negative, the log of conditional 

variance will be positive (Zivot (2008)). As shown at the EGARCH (1,1) column of the Table 4 (see 

Appendix 5 for model output), all estimates are statistically significant. γ the leverage coefficient, is 

negative (-0.119352) and significant, indicating the presence of an asymmetric behavior. This means 

that, within the period under study, negative shocks (bad news) have higher impact on next period’s 

volatility than positive shocks (good news) of the same magnitude. In the real world, investors are 

more responsive to the negative news in comparison to positive news and implies that the volatility 

spillover mechanism is asymmetric. Since asymmetry coefficient, 0.122569 is positive, it is expected 

that the relationship between the past variance and the current variance is positive in absolute value. 

Furthermore, at the bottom of the QQ-plot in Figure 2 we see EGARCH model residuals deviate from 

normality and this once again shows higher impact of negative shocks (bottom of graph) on volatility. 
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Figure 2: Normal Quantile-Quantile Plots of the EGARCH residuals 
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GJR-GARCH model results are reported in the fourth column of Table 4 (see Appendix 6 for 

model output). The asymmetry term 𝛾 is positive and statistically significant, that means the impact 

of shocks is asymmetric and negative shocks increase volatility.  

The lower rows of the Table 4 report the results of diagnostic tests for remaining ARCH effects. 

The ARCH-LM test statistics for both models indicate no ARCH effect remaining in the residuals of 

the models. 

 

 

5. Conclusion 

Most financial time series exhibit autocorrelation and volatility clustering which are inconsistent, 

with the assumptions in traditional econometric models. This paper uses standard GARCH, 

asymmetric EGARCH and GJR-GARCH models to analyze volatility in Nasdaq-100 index returns for 

the period of January 4, 2000 to March 19, 2019. These models are capable of capturing symmetric 

and asymmetric dynamics such as leptokurtosis, volatility clustering, and leverage effects of the 

return series. To the best of our knowledge, there are no studies in the literature that comprehensively 

investigate the dynamics of Nasdaq-100 daily index return volatility especially covering the period 

of 2008 financial crisis and its aftermath. 

The results show that Nasdaq-100 index returns deviate from normality and exhibit volatility 

clustering with varying variance in the residuals. These findings show nonlinear structure in the 

conditional variance of the returns and this dynamic may be simulated with the GARCH (1, 1) model. 

Estimates of the model (α1+β1) show the variance of the series has long memory and shocks on 

volatility are quite persistent, but non-unity, and this supports the mean reverting process. The 

findings of EGARCH and GJR-GARCH models show that the series have leverage effect, and the 

impact of the shocks is asymmetric, and that means the impact of negative shocks on volatility are 

higher than positive shocks of the same size. This finding is consistent with the literature. 

Future research should explore a comparison of the volatility of major stock index returns such 

as Nasdaq-100 with commodity index returns to determine whether the latter may be used in the 

context of risk management. 
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Appendix 1: GARCH (1,1) model output 

Mean Equation 

Variable Coefficient Std. Error z-Statistic Prob. 

C 0.000915 0.000123 7.449464 0 

AR(1) 0.812776 0.090871 8.944287 0 

MA(1) -0.84216 0.083081 -10.13659 0  
Variance Equation 

  

C 1.30E-06 3.40E-07 3.837154 1E-04 

α1 0.090591 0.008767 10.33333 0 

β1 0.906023 0.008707 104.0517 0 

T-DIST. DOF 8.183868 0.948724 8.626183 0 

 

 

Appendix 2: The sign bias test results 

Variable Coefficient Std. Error t-Statistic Prob. 

C 0.000194 1.40E-05 13.89 0 

𝜑1 
 

0.000112 1.98E-05 5.671 0 

 

 

Appendix 3: The negative size bias test results 

Variable 
 

Coefficient Std. Error t-Statistic Prob. 

C 
 

2E-04 1.10E-05 14.0767 0 

𝝋𝟏 
 

-0.016 0.00093 -17.634 0 

 

 

Appendix 4: The joint test results for sign and size bias 

Variable Coefficient Std. Error t-Statistic Prob. 

C 0.000106 1.80E-05 5.91307 0 

𝝋𝟏 -2.59E-05 2.60E-05 -0.995374 0.3196 

𝝋𝟐 -0.019351 0.001107 -17.48076 0 

𝝋𝟑 0.009092 0.001232 7.379622 0 
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Appendix 5: The EGARCH model output 

 

Mean Equation 

Variable Coefficient Std. Error z-Statistic Prob.   

C 0.000604 0.00014 4.367597 0.000 

 Variance Equation   

α0 -0.20936 0.02111 -9.91938 0.000 

γ 0.122569 0.01274 9.620348 0.000 

α1 -0.11935 0.00941 -12.6904 0.000 

β1 0.987505 0.00191 517.8731 0.000 

T-DIST. DOF 8.934735 1.0405 8.587002 0.000 

 

 

Appendix 6: The GJR-GARCH model output 

 

 Mean Equation 

Variable Coefficient Std. Error z-Statistic Prob. 

C 0.000575 0.000142 4.036237 0.0001 

 Variance Equation   

α0 1.74E-06 3.00E-07 5.793885 0.000 

α1 -0.000546 0.008422 -0.06484 0.948 

γ 0.153715 0.014162 10.85374 0.000 

β1 0.911589 0.008224 110.8396 0.000 

T-DIST. DOF 9.285929 1.204098 7.711939 0.000 
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