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Abstract

This paper examines the response of volatility to negative and positive news using daily closing prices of the
Nigerian Stock Exchange (NSE). By applying EGARCH (1,1) and GJR-GARCH (1,1) models to NSE daily
stock return series from January 2™ 1996 to December 30" 2011, we find strong evidence supporting
asymmetric effects in the NSE stock returns but with absence of leverage effect. Specifically, the estimates from
EGARCH model show positive and significant asymmetric volatility coefficient. In the same way, results of the
GJR-GARCH model show negative and significant asymmetric volatility coefficient, also supporting the
existence of positive asymmetric volatility. Overall results from this study provide support for positive news
producing higher volatility in the immediate future than negative news of the same magnitude in Nigeria.
Keywords: Returns volatility, Asymmetric effects, GARCH models, Nigerian Stock Exchange.

1. Introduction

An important assumption of the classical linear regression model is that the variance of all squared errors is
homoscedastic; that is they all have the same variance (Gujarati, 2003: 387; Rachev et al., 2007: 279). Numerous
empirical studies have however shown that stock return series exhibit heteroscedasticity, where the variances of
the error term are not equal, and in which error terms may be expected to be larger for some observations or
periods of the data than for others. For instance, Mandelbrot (1963) found evidence of the tendency of large
changes in asset prices (either positive or negative) to be followed by large changes and small changes to be
followed by small changes. The issue then became how to construct models that accommodate heteroscedasticity
so that valid coefficient estimates are obtained for the variance of the error terms. Engle (1982) introduced the
autoregressive conditional heteroscedasticity (ARCH) model to model volatility by relating the conditional
variance of the error term to the linear combination of the squared error terms in the recent past. As a result of the
long lag length and large parameters required to estimate ARCH model, Bollerslev (1986) introduced the GARCH
model by modeling the conditional variance to depend on its lagged values as well as squared lagged values of the
error terms. After the seminal ARCH paper by Engle (1982) and the generalization by Bollerslev (1986), the
study of volatility has received substantial attention from researchers, practitioners and policy makers. This
substantial interest is due to the fact that volatility, as a proxy for risk, is useful for risk management, pricing
equity as well as option-type derivative instruments.

Although the ARCH and GARCH models have been very successful in capturing volatility clustering, there
are some features of the financial time series data which they failed to capture. The most interesting feature not
addressed by these models is the asymmetric effects, which considers the response of volatility to negative and
positive news. Asymmetric effects are captured by asymmetric models such as the Exponential GARCH
(EGARCH) of Nelson (1991), the GJR-GARCH model introduced by Glosten, Jagannathan, and Runkle (1993),
Asymmetric Power ARCH (APARCH) of Ding, Engle and Granger (1993), and Threshold GARCH (TGARCH)
model due to Zakoian (1994), and so many other models. The most celebrated asymmetric effect is the leverage
effect. First documented by Black (1976), leverage effect implies that a negative shock to the conditional
variance tends to cause volatility to rise by more than a positive shock of the same magnitude.

In his explanation of the leverage effect, Black (1976) notes that a fall in the value of a firm’s stock will
cause a negative return on its stock, and will usually increase the leverage of the stock which will cause a rise in
the debt-equity ratio. This increase in leverage raises the riskiness of the firm as the shareholders perceive their
future cash flow stream as being relatively more risky thereby leading to higher levels of volatility. Volatility
feedback is another explanation for asymmetric effects offered by Campbell and Hentschel (1992). To them,
volatility is a measure of risk; hence an increase in volatility signals a higher risk and also higher expected future
risk. To bear this risk, investors will require higher returns and are thus inclined to pay less for the relevant
equity. Avramov et al. (2006) explain that stock trading activity causes asymmetric effects. In this explanation,
uninformed traders sell when stock prices fall, leading to an increase in stock returns volatility, while informed
investors sell after stock price rises, which leads to a decline in volatility. So many other empirical works have
also confirmed the existence of leverage effect in different stock markets across the globe (see, Black, 1976;
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Christie, 1982; Nelson, 1991; Goudarzi and Ramanarayanan, 2011; Abdalla, 2012))

Although asymmetric volatility phenomenon is well documented in literature of developed and emerging
stock markets, there are some evidence indicating lack of asymmetric behaviour particularly in emerging stock
markets (see for example, Alagidede and Panagiotidis, 2009; Charlse, 2010; Cheng, Jahn-Paver and Rothman,
2010; Oskooe and Shamsavari, 2011). There are also studies that document evidence to show that positive
returns are associated with higher volatility than negative returns of the same magnitude (see for example,
Ogum, Beer and Nouyrigat (2005; Saleem, 2007; Aliyu (2011)

In Nigeria, literature on asymmetric volatility is still scanty but growing. Ogum, Beer and Nouyrigat (2005)
reports, amongst others, that volatility clustering and asymmetric volatility found in the United States and other
developed markets are also present in Nigeria. They also report positive and significant asymmetric volatility
coefficient in Kenya, which suggests that positive shocks increase volatility more than negative shocks of the
same magnitude. Olowe (2009) found, amongst others, evidence of volatility persistence and leverage effects. In
contrast to olowe, Okpara and Nwezeaku (2009) argue that volatility clustering is not quite persistent but there
exists asymmetric effect in the Nigerian stock market. They concluded that unexpected drop in price (bad news)
increases predictable volatility more than unexpected increase in price (good news) of similar magnitude in
Nigeria. Emenike (2010) documents evidence to show asymmetric volatility, volatility clustering and volatility
persistence in the NSE monthly returns data. More recently, Okpara (2011), provide evidence to support the
findings of Okpara and Nwezeaku (2009). He reports that there is low persistence of volatility clustering and that
there is a leverage effect in the Nigerian Stock Exchange. Aliyu (2011) shows weak support for leverage effect
in Nigeria but document strong evidence to show that positive news increases volatility more bad news of the
same magnitude in Ghana. Onwukwe, Bassey and Isaac (2011) found evidence of volatility clustering and
leverage effect in the return series of UBA, Unilever, Guiness and Mobil. The empirical regularity in volatility
literature from Nigeria is the existence of volatility clustering and asymmetric volatility, but volatility persistence
is contended. It is also observed that most of the studies were conducted using monthly data.

In this study, our aim is to model and estimate the daily volatility of stock returns on the Nigerian Stock
Exchange (NSE) by using symmetric and asymmetric GARCH models that capture asymmetry. This is to
provide insight into the response of volatility to negative and positive news as well as extend existing literature
on volatility in Nigeria. This paper is structured into four sections. Immediately preceding Introduction in
Section 1 is Section 2, which outlines the nature of data and methodology. Section 3 presents the empirical
results for the NSE, and Section 4 embodies the concluding remarks.

2. Data and Methodology

2.1 Data for Analysis

In order to examine the Nigeria stock returns volatility for asymmetric effect, we use daily closing prices of the
Nigerian Stock Exchange weighted All-share index, from January 2, 1996 to December 30, 2011. This gives a
total of 3930 observations. Market prices index are transformed to daily returns thus:

Rz=Log( P j (1)

pr-1

Where: R, is daily return of the All-share Index for day,, P, is current day index closing price, P, ; is closing
price of the previous day index, and Log is Natural Logarithm.
2.1.1Descriptive Statistics
Descriptive statistics of daily returns are presented in Table 1 to aid our understanding of the nature and
distributional characteristics of the NSE return series. The computed statistics include daily mean return (as well
as minimum and maximum returns), standard deviation, skewness, kurtosis, and Jarque-Bera.

From Table 1, we observe that the average daily return is 0.04%. The daily standard deviation is 0.9%,
reflecting a high level of dispersion from the average return in the market. The wide gap between the maximum
(9.77%) and minimum (-6.73%) returns gives support to the high variability of price changes in the NSE.
Another glaring characteristic of the statistics shown in Table 1 is high kurtosis coefficient. In a normally
distributed series, kurtosis is 3. The high kurtosis value of 6.9665 suggests that big shocks of either sign are more
likely to be present and that the return series is clearly leptokurtic. Similarly, zero (0) skewness coefficient
indicates evidence of lack of asymmetry, while Positive or negative skewness indicate asymmetry in a series.
The skewness coefficient of 0.1706 is positively skewed. Positive skewness implies that the distribution has a
long right tail, implying that large positive movements in stock prices are not usually matched by equally large
negative movements. The null hypotheses of zero (0) skewness and kurtosis coefficient of 3 were rejected at 1%
p-value suggesting that the NSE daily returns series do not follow normal distribution. The rejection of normal
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distribution in the NSE daily series was confirmed with Jarque-Bera test as its associated marginal significance
level is far below 1% confidence level.

Since NSE return series do not follow normal distribution, the asymmetric GARCH models are estimated
with the Generalized Error Distribution (GED) which takes into account the fat tail characteristic of stock returns
distribution.

Figure 1 shows the daily logarithmic returns of the NSE All-share index for the period January 2, 1996 to
December 30, 2011 — 3930 observations in all. A visual inspection of Figure 1 shows that returns fluctuate
around the mean value. The fluctuations are both in positive and negative region with clustering in volatile
periods alternated by periods of calm. This behaviour of stock returns series suggests volatility clustering in the
NSE, where large returns tend to be followed by large returns and small returns following small returns. The
implication of volatility clustering is that volatility shocks today will influence the expectation of volatility in the
immediate future periods. On the other hand, Figure 2, shows the plot of the log level data of the NSE for the
sample period. It is easy to see the great growth of the series and its subsequent decline as a result of the effect of
global economic crises on Nigeria. It is trending.

2.1.2 Unit Root Tests for the NSE Daily Index

To test for possible unit roots in the NSE returns series, Table 2 presents results of the unit root tests on the
logarithmic level and stock return. Testing methodology is the Augmented Dickey-Fuller (ADF). The critical
value is 5% level of significance to avoid the problem of accepting a false null hypothesis. The critical value of
the ADF test is -2.863. The ADF test accepts the null hypothesis of unit roots in logarithmic level (i.e., logindex
~ I(1), but reject it in the return series (R ~ 1(0)). In the return series, the computed tau values of the ADF
(-31.2496) exceeds the critical value in the NSE returns series, thereby confirming the alternative hypothesis of
no unit root for return series as the computed tau values far exceed the critical values. This result supports earlier
findings that the NSE return series is stationary (Olowe, 2009; Emenike, 2009).

2.2 Methodology

In order to examine the presence of asymmetric volatility in the Nigerian Stock Exchange, we first analyze the
dynamics of stock returns volatility. To this end, we apply the Generalized Autoregressive Conditional
Heteroskedasticity (GARCH) model. In the volatility modeling process using GARCH models, the mean and
variance of the series are estimated simultaneously. GARCH (1,1) model for stock returns, assuming that the
distribution of the return series for period,, conditional on all previous returns (or information), is normal can be
estimated as:

R=0+& 2

&~ (0,07)
2 2 2
o =wtraeE |+ po 3)

Where R;represents the return at day,, € is the mean return, and ¢, is the error term. Equation 3 specifies that
the conditional variance (67,), which represent volatility at day, is the weighted average of three different
variance forecasts: w is the constant variance that correspond to the long run average, a; refers to a first order
ARCH term which transmits news about volatility from the previous period and f;, the first order GARCH term,
is the new information that was not available when the previous forecast was made (Engle, 2003). The
non-negativity restrictions of GARCH (1,1) are w > 0, a; > 0 and f; > 0. Statistical significance of the parameters
is tested using marginal significance level and #-statistics. Under the null hypothesis of no GARCH effects (i.e.
no volatility clustering in the NSE daily series), marginal significance level of parameter f; should be greater
than the critical level (0.05) and computed #-statistics will be lesser than theoretical ¢ (+1.96). The sum of a; and
f; indicate persistence in volatility clustering and varies from 0 to /. The closer (a;+ ;) to 1, the more persistent
is volatility clustering.

One of the significant weaknesses in the GARCH (1,1) model is its premise of symmetric response of stock
returns volatility to positive and negative shocks. This weakness is due to the fact that conditional variance in the
basic model is a function of the (squared) magnitudes of the lagged residuals, regardless of their signs ((Oskooe
and Shamsavari, 2011)). In order to capture asymmetric effect in the volatility of stock returns, two extensions of
the basic GARCH model were estimated, among other possibilities: the Threshold Autoregressive Conditional
Heteroskedasticity (GJR-GARCH) and the Exponential Generalized Autoregressive Conditional
Heteroskedasticity (EGARCH)

Nelson (1991) introduced a number of refinements on the GARCH model in using EGARCH to detect
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asymmetric volatility in the stock return series. The first of these refinements was to model the log of the
variance, rather than the level. This ensures that the estimated conditional variance is strictly positive, thus
non-negativity constraints of the ARCH and GARCH models are not necessary. The second is that the y
parameter typically responds asymmetrically to positive and negative values. In this method, asymmetric effects
are estimated using the following equation:

logo; = w+a £ 72’ - \/z +Blogo; + %_-21 4
VO T g

Here, the y coefficient signifies asymmetric effects of shocks on volatility. The presence of asymmetric
effects can be tested by the hypothesis that y=0. A zero y coefficient would imply that positive and negative
shocks of the same magnitude have the same effect on volatility of stock returns. The effect is asymmetric if y#0.
If the y coefficient is negative, then negative shocks tend to produce higher volatility in the immediate future
than positive shocks. The opposite would be true if y were positive.

Similarly, Glosten, Jagannathan and Runkle (1993) proposed a modification of the original GARCH model
using a dummy variable to capture asymmetric effects in financial time series. In GIR-GARCH model, there are
two types of news: there is squared return and there is a variable that is the squared return when returns are
negative and zero otherwise. The coefficients are now computed in the long run average (), the previous
forecast (a;), symmetric news (f;), and negative news (y). On this basis, Glosten, Jagannathan and Runkle (1993)
introduced the following GJR-GARCH model for the conditional variance:

O =W+ a&l + Lo+ i Lu<o (th-1) (5)

Where, [ is an indicator function. In this formulation, the effects of positive and negative news on the
conditional variance are completely different. The news effect is asymmetric if y # 0. If the y coefficient is
positive, then negative shocks tend to produce higher volatility in the immediate future than positive shocks.
The opposite would be true if y were negative. ; measures clustering in the conditional variance and o+ f; +
y/2 measures persistence of shocks on volatility. If the sum is less than one the shock is not expected to last for a
long time but if it is close to one then volatility can be predicted for some time. However, if the sum of the
coefficients is one then shock is going to affect volatility for indefinite future.

3. Empirical Results and Discussion

In this section, we present the estimates of different GARCH models as well as brief discussion of the results.
The GARCH models are estimated using Maximum Likelihood estimators assuming Normal Distribution for
symmetric GARCH models and Generalized Error Distribution (GED) for asymmetric GARCH models. The
choice of GED is due to the presence of excess kurtosis in the NSE daily return series. The Broyden, Flectcher,
Goldfarb and Shanno (BFGS) iterative algorithm was used to obtain optimal parameter estimates and relevant
standard errors. The analysis is done using RATS version 7.0 econometric software.

The maximum likelihood estimates for the GARCH (1,1) model for the NSE return series are presented in
Table 3. The coefficients of all the three parameters in the conditional variance equation (w, a; and f;), are
highly significant, at 1% confidence levels, as measured by their #-statistics; and all satisfy the non-negativity
restrictions of the model. The significance of ARCH parameter (a;) indicates that the news about volatility from
the previous day has explanatory power on current volatility. In the same way, statistical significance of the
GARCH parameter (f;) does not only indicate explanatory power on current volatility but also suggests volatility
clustering in the daily returns of the NSE. The lagged conditional variance estimate (f;) has coefficient 0.75,
implying that 75% of a variance shock remains the next day. Volatility persistence, like we noted in section 3.2,
is measured by the sum of @; and f;. From the estimates in Table 3, the NSE daily returns have high persistence
in volatility with a; + ;= 1.066. High persistence implies that average variance will remain high since increases
in conditional variance due to shocks will decay slowly (Rachev et al., 2007: 296). Evidence of persistence in
volatility shocks abound in literature (see, Emenike, 2010; Oskooe and Shamsavari, 2011; Abdalla, 2012)

Also given in Table 3 are estimates obtained from EGARCH and GJR-GARCH asymmetric volatility
models. These estimates are used to examine the existence of asymmetry in stock returns volatility of the NSE.
According to reported EGARCH results, the y coefficient, which measures asymmetric effect, is greater than
zero. The positive y coefficients are shown by the marginal significance level. Marginal significance level less
than the critical level lead to rejection of the null hypothesis of zero coefficients. The marginal significance level
for the y coefficient of the EGARCH model (0.00635) is clearly significant at 1% confidence level. More so, the
t-statistics also rejects y=0 hypothesis. The computed t-value (2.7286) is far greater than the theoretical t-value
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(1.96) for a two-tailed test with asymptotic degrees of freedom, thereby rendering the y coefficient statistically
significant. Statistically significant y coefficient indicates that the null hypothesis of no asymmetric effect in the
volatility of NSE is false. In other words, there is asymmetric effect in the volatility of stock returns of the
Nigerian stock market. In contrast to leverage effect, the y coefficient is positive, suggesting that positive shocks
tend to produce higher volatility in the immediate future than negative shocks of the same magnitude in the
Nigerian stock market. This result agrees with the positive skewness of our descriptive statistics in section 2.1.1.

Furthermore, the GJIR-GARCH model estimates in Table 3 also confirm the evidence of asymmetry in the
stock returns volatility of the NSE. This is confirmed by a marginal significance level (0.01941) lesser than the
confidence levels (i.e., 0.05) and a #-statistics (-2.3374) greater than table t-statistics in absolute value (1.960). As
noted in section 3.2, positive (negative) y coefficient indicate that negative (positive) shock tends to produce
higher volatility in the immediate future than positive (negative) shocks. According to results given in Table 4,
the y coefficient is negative, indicating that positive shock tends to produce higher volatility in the immediate
future than negative shock of the same magnitude, thereby suggesting absence of leverage effect in Nigeria.
Evidence of volatility clustering given in GARCH (1,1) estimates above is also confirmed by high statistical
significance of the GARCH term (B;) and ARCH term (o). Similarly, sample evidence shows that volatility
clustering is persistent in Nigeria stock returns on the basis of sum of a; + f;+ y/2 =1.0796. This implies that
volatility shocks can be predicted for several days in the NSE. The rejection of leverage effect is consistent with
some of the prior studies (see for example, Ogum, Beer and Nouyrigat, 2005; Saleem, 2007; Surya, 2008, Aliyu,
2011); but disagrees with others (see, Nelson, 1991; Olowe, 2009; Okpara, 2011).

4. Conclusion
In this study, we examined the volatility of Nigerian Stock Exchange return series for evidence of asymmetric
effects by estimating GARCH (1,1), EGARCH and GJR-GARCH models. Asymmetric model (EGARCH and
GJR-GARCH) were fitted to the daily returns data ranging from 3™ January 2006 to 30" December 2011. The
results obtained from GARCH (1,1) model show evidence of volatility clustering and volatility persistence in
Nigeria. Similarly, estimates from asymmetric models indicate that there is asymmetric volatility effect in
Nigeria. Contrary to leverage effect theoretical sign, result of EGARCH model estimate is positive suggesting
that positive news increases volatility more than negative news. In the same way, estimated results from the
GJR-GARCH model show the existence of a negative coefficient for the asymmetric volatility parameter thereby
providing support to the EGARCH result of positive news producing higher volatility in immediate future than
negative news of the same magnitude in Nigeria.

Overall results from this study provide strong evidence that positive shocks have higher effect on volatility
than negative shocks of the same magnitude. The results also show volatility clustering and high volatility
persistence in Nigeria.
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Appendices

Table 1: Descriptive Statistics of the NSE Daily Returns Series

Skewness 0.170607 Kurtosis 6.966491 Jarque-Bera 7964.1525
(0.000013) (0.000000) (0.000000)

Mean 0.000357 Variance 0.000082 Std Dev 0.0090

Minimum -0.067254 Maximum 0.097660 Observations 3929

Note: Marginal Significance Levels displayed as (.). Skewness and Kurtosis are tests for zero skewness and

excess kurtosis. Jarque-Bera is for normality.
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Table 2: Stationary Test for Log Level and First Difference of the NSE Daily Index

Critical Value Critical Value Critical Value Computed Value Unit Root
at 10% at 5% at 1% Test
Log Level -2.567 -2.863 -3.435 -1.41589 ADF Test
Stock Return  -2.567 -2.863 -3.435 -31.24962

Table 3: Estimates of the Parametric Volatility Models

Parameters GARCH EGARCH GJR-GARCH
Mean 1.29640e-04 0.000087 0.00013
(0.0789) (0.00000) (0.02306)
{1.7568} {12.6106} {2.2723}
Constant (o) 4.05488e-07 -0.83050 0.0000003
(0.00003) (0.0000) (0.00348)
{4.1329} {-2485.42} {3.1355}
ARCH (oy) 0.3116 0.52986 0.37650
(0.0000) (0.0000) (0.0000)
{14.8822} {21.6016} {10.6887}
GARCH (By) 0.7545 0.95610 0.73944
(0.0000) (0.0000) (0.0000)
{57.6493} {568.1571} {42.6176}
Asymmetry (y) 0.037447 -0.07250
(0.00635) (0.01941)
{2.7286} {-2.3374}
(a; +By) 1.0661 1.4859
(o + B+ 9/2) 1.0796
Shape (c) 1.66294 1.71178
(0.0000) (0.0000)
{29.8044} {30.0857}
Log Likelihood 14096.48 14294.22 14276.38

Notes: Marginal significance level displayed as (.) and t-statistics displayed as {.}.
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