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Abstract: This paper investigates the effect of asymmetric information on volatility of stock returns in 
Nigeria using the best-fit Asymmetric Power Autoregressive Conditional Heteroskedasticity, APARCH (1,1) 
model, under the Generalized Error Distribution (GED) at 1% significance level from 3 January 2000 to 29 
November 2016. The descriptive statistical results showed that the returns were not normally and linearly 
distributed, with strong evidence of a heteroskedasticity effect. The results of the analysis also confirmed the 
effect of asymmetric information on the volatility of stock returns in the Nigerian stock market. The 
asymmetric parameter (γ) was negative at (-1.00), which is statistically significant at 1% level. This confirms 
that there is an asymmetric or leverage effect where bad news had a more destabilizing effect on the volatility 
of stock returns than good news. The total impact of bad news on volatility was explosive at 2.0, during the 
period under review. Also, the volatility persistence which is measured by the sum of ARCH(α) and GARCH(β) 
stood at 1.695950. This is above unity and suggests that volatility takes a long time to attenuate in Nigeria. 
This could be largely ascribed to the persistent effect of the 2008 global financial crisis, which probably 
eroded investors’ confidence in the market. 
 
Keywords: Asymmetric Information, Volatility, Asymmetric Power Autoregressive Conditional 
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1. Introduction 
 
Information is a key driver of stock returns and volatility in the equity market. This information can be 
idiosyncratic and macroeconomic in the form of cross-sectional and time series. Generally, information comes 
to the market on scheduled (with prior notice of the date and time of release) or unanticipated (without 
notice). Information also enters the market linearly (symmetrically) or non-linearly (asymmetrically). The 
information can also be bad (negative) and good (positive) news with serious implications for the volatility of 
stock returns. The response of stock prices to information is used in this study as metrics to measure whether 
a stock market is symmetric or asymmetric. If the response of equity prices is to fully reflect available 
information without giving rise to mispricing, where investors have homogenous expectations of the 
distribution of stock returns and volatility and are privileged to information at the same time, and where the 
market price of an equity is equivalent to its intrinsic value, where investors have full knowledge of the 
opportunity set available to them, and nobody is privileged to explore information to profit at the expense of 
others in the market, then, the market is perfect or efficient or informational symmetric. Conversely, the 
market is informational asymmetric when there are disparities between the intrinsic and market values of 
financial instruments, and where investors’ expectations about the probability distribution of expected 
returns and risks is heterogeneous. It is a situation where one party to a transaction is privileged to explore 
information unknown to the other party as opportunity to profit at the expense of the under-informed 
investors. Stiglitz (2003) defines information asymmetry as “the condition where some information is known 
to some, but not to all parties involved” in a transaction, and consequently cause the market to become 
inefficient. Stiglitz and Walsh (2002) also posit that prices and markets provide the basis of the economy’s 
incentive system. But there are some information problems that markets do not handle, or do not handle well. 
The imperfect information sometimes inhibits the ability of the market to perform the tasks it performs so 
well, when information is complete. 
 
In an efficient market, investors act rationally and prices of shares fully reflect all available information 
spontaneously. It is not possible for investors to consistently beat the market on a risk-adjusted returns basis. 
Fama (1970) propounded efficient market hypothesis (EMH) and further assumed that agents have rational 
expectations; that on average the population is correct and whenever new relevant information filters into 
the market, the agents update their expectations appropriately. The theory is based on the Gauss (1821) 
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classical linear regression model. Under this theory, trading in shares does not attract any transaction cost, no 
taxes and all participants have homogeneous expectations of the distribution of expected returns with equal 
access to information at the same time. The investment strategy best suited for this market is the “buy-and-
hold” (passive) strategy. The reactions of investors are assumed to be random and to follow a normal 
Gaussian distribution pattern, so that the net effect on stock market returns is negligible for an abnormal 
profit. The returns distribution in the market is characterised with linearity, non- serial correlation, 
independent and identically distribution of stock returns, with zero mean and constant variance of error term 
(homoscedastic). The classical theory only considered the first and second moments of unconditional mean 
and variability of stock returns in linearity (symmetric) form. The third and fourth moments for normal 
distribution of returns measured by skewedness and kurtosis are (0) and (3) respectively. Further to the 
normal distribution behavior of stock returns, the classical economist failed to consider other statistical 
distributions of financial time series like Student’s t, Generalized Error Distribution (GED) and Skewed 
Student’s t-Distribution. Another behavior of stock returns under the classical linear regression model is that 
past and current returns are mutually exclusive. There are no serial correlations between current returns and 
(Rt) and past returns (Rt-1). This is in consistent with the Random Walk theory of Kendall (1953), which states 
that successive stock returns are not statistically associated. 
 
Over recent years, the impact of information on the returns of equity markets has received considerable 
attention in the academic literature. An appropriate method of characterizing and summarizing the behavior 
of stock returns is to describe them in terms of their distribution function. The normality distribution of stock 
returns is questionable if macroeconomic news does not arrive linearly to the market or even if it does, if 
investors do not react linearly to its arrival. In both cases, assumptions for market efficiency may fail if the 
standard regression treats the market reaction to the same type of information as being identical (symmetric) 
at all time. In reality, the market, seems to treat otherwise similar information differently (asymmetrically), 
where there are possibilities for equity mispricing or profit opportunities. A market is informational 
asymmetric where prices of securities exhibit volatility clustering with large changes tend to be followed by 
large changes of either sign or small changes tend to be followed by small changes (Mandelbrot, 1963) within 
a short period of time for a given set of returns. A market, where successive stock returns are statistically 
correlated, and are not independently identically distributed, but asymmetrically distributed through 
Student’s t, Generalized Error Distribution (GED) and Skewed Distribution. If an equity market is 
informational symmetric, then, security screening, allocation or selection and the role of professional 
managers is less important for investors, and it would be better to just buy a large basket of stocks and 
following a passive investment strategy with a view to buying and holding, and thereby reducing churning 
and minimizing transaction costs.  
 
In reality, the unfolding events in the financial world economies violated some of the rules of the market 
efficiency; like the “buy-and-hold” investment strategy. Investors who followed this style always become 
victims whenever the market crashes. Adopting a passive investment strategy has been challenged especially 
during the global economic meltdown of 2008 or when there is a market crash such as in the US stock market. 
The use of the symmetry ARCH model by Engle (1982) and the GARCH model by Bollerslev (1986) to 
measure the effect of information on stock returns, is limited because: (i) the variance of the models is linear 
functions of the lagged squared residuals and the residual innovations; (ii) it has a conditional variance that 
only depend on the size or magnitude of the shocks i.e. lagged error, not the sign. It means that both negative 
and positive news have the same impact on future volatility of the same magnitude. The homoscedasticity 
assumption by the classicalists that the expected value of all error terms, when squared, is the same at any 
given point is no longer tenable in reality. A striking feature of the return series is volatility clustering. Several 
econometric models on changing conditional variance have been developed to test and measure volatility 
clustering. In modern financial literature, a number of stylized facts about the volatility of financial asset 
prices have emerged over the years, and have been confirmed in several studies e.g. that the variance of asset 
returns is not constant but time-varying (Engle, 1982; Bollerslev, 1986; Nelson, 1991). Asset prices are 
characterized by volatility clustering (Mandelbrot, 1963).  
 
The GARCH model of Bollerslev (1986) gives parsimonious models that are easy to estimate and, even in its 
simplest form, has proven surprisingly successful in predicting conditional variance. This is a great 
improvement on Engle’s (1982) GARCH model. There are different versions of GARCH models: from the 
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simplest and most robust of the family of volatility like the GARCH (1,1) model, through to sophisticated ones 
like EGARCH, GJR-GARCH, APAGARCH, and GARCH-M. Although, the GARCH model has proven to be useful in 
capturing the symmetric effect of volatility, it is believed with some limitations, such as the violation of non-
negativity constraints imposed on the parameters to be estimated. The original GARCH model can be 
modified and extended in many ways to overcome these constraints to capture asymmetry effects using 
Threshold GARCH (TGARCG) proposed by Zakoian (1994), EGARCH by Nelson (1991), the GJR-GARCH model 
by Glosten, Jagannathan, and Runkle (1993), and the Asymmetric Power ARCH (APARCH) by Ding, Granger, 
and Engle (1993). The tenet of the proponents is that good and bad news of the same magnitude have 
differing effects on the conditional variance. Thus, it was found that Nigeria operates an informational weak-
form efficient market as documented by Ayadi (1984), where not everyone has access to the same news, nor 
does everyone receive the news in a timely fashion (Strong, 2004). Information asymmetry has a wider 
application in research especially in the financial literature. The pervasive effects of information asymmetry 
in the market have been documented and studied in numerous contexts. However, for the purpose of this 
study, it will be examined in the context of the effects of asymmetric information on volatility of stock returns. 
The objective of this paper is to investigate the effect of asymmetric information on the volatility of stock 
returns in Nigeria. This has important implications for pricing financial assets, portfolio selection, and risk 
management. Market regulators will also find the results useful in terms of making rules to reduce 
asymmetry information by ensuring uninterrupted flow of information in the market. The paper is structured 
into four sections: Literature Review, Methodology, Empirical Results, and Summary and Discussion. 
 
2. Literature Review 
 
The distribution of information between economic agents accounts for the increase in the level of adverse 
selection effect and exacerbates the ask-bid spread (returns). The theory underpinning asymmetric 
information relative to the behavior of stock returns is rooted in the classical theory of finance based on the 
Gauss (1821) assumptions that gave birth to the Random Walk Theory espoused by Kendall (1953), the 
Modern Portfolio Theory by Markowitz (1952), the Capital Asset Pricing Model by Sharpe (1964), and Lintner 
(1965), the Efficient Market Hypothesis by Fama (1970); the Arbitrage Pricing Theory by Ross (1976); and 
other multi factors index models. The capital market theories are based on perfect market where information 
is symmetric and investors have homogenous expectations about the distribution of returns, equity prices 
fully reflect available information, there are no abnormal profit opportunities, no transaction costs, the 
investment strategy is passive (“buy-and-hold”), and no participant is more privileged to information than 
others. In addition, the variance of error term is constant with zero mean. The distribution of returns is 
normal where the maximum kurtosis is 3.0, and returns distribution is independent identically distributed, 
and mutually exclusive of past and present prices; prices are not auto-correlated but rather linearly 
dependent. 
 
There are some challenges as to the practice of the above theories, especially in application to financial time 
series data. First, the controversies as to how many risk factors are to be included are still subjective today. 
While Sharpe (1964) used the single index factor, Ross (1976), Chen, Roll, and Ross (1986), and Fama & 
French (1993) used multiple factors. However, the researchers used beta as a risk coefficient. While the 
proponents of CAPM used a single beta to measure the risk factor, others used multiple betas, each for 
different factors to measure the risk. Unlike the CAPM where macroeconomic variables (systematic risk) are 
accounted as the only factor influencing stock returns while the company-specific factor (unsystematic risk) 
is assumed to be completely diversified, the multi-factor models attributed the behavior of stock returns to 
macroeconomic and company-specific factors. The Fama & French (1993) factor model   argue that the 
variability in common stocks returns is explained not only by market risk as espoused by Sharpe (1964) but 
also by factors related to size, and book-to-market ratio. More recently, Fama & French (2015) extended the 
model by adding a further two factors: profitability and investment. MSCI BARRA (2013) listed six risk 
premier factors influencing stock returns: size (low size), book-to-market ratio (value), low volatility, high 
yield, quality, and momentum. A search for the appropriate factors that may influence asset returns, risk, 
covariance, and volatility is yet unending. There is no specific consensus on the number of factors required to 
adequately explain the effect of the factors on stock returns and volatility. 
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Researchers however began to model stock market returns jointly with their conditional volatility, 
acknowledging that the impact of idiosyncratic and macroeconomic variables on equity returns is neither 
time-invariant nor linear. Wold’s (1939) Decomposition theory establishes that a financial time series has 
two unrelated components: deterministic and stochastic processes. The two processes are combined to form 
an Autoregressive Moving Average (ARMA). The error term also has two components: time-variant and time-
invariant. The time-variant is conditional variance while the time-invariant is unconditional variance. Engle 
(1982) expressed the conditional variance as a linear function of past squared disturbances in order to 
develop his Autoregressive Conditional Heteroskedasticity (ARCH) model. Several parameters and a high 
order q to capture the volatility process and the assumption of zero weight for observations more than one 
month old motivated Bollerslev (1986) to generalized ARCH to include the ARMA structure known as GARCH 
parameterization in order to remedy the lacuna in the ARCH model. The GARCH model was based on an 
infinite ARCH specification to reduce the number of estimated parameters, by imposing non-linear 
restrictions (Alberg, Shalit, & Yosef, 2008). GARCH is a linear function of past squared innovations and lagged 
squared variance and account for volatility clustering. Both the ARCH and GARCH models allow bad and good 
news to have an equal impact on volatility, but fail to capture the leverage effect. 
 
The failure of GARCH to capture asymmetric or leverage effect in financial time series volatility led to the 
development of several higher and more sophisticated GARCH models. Unlike GARCH models, they are non-
linear functions of the exogenous variables but rather exponential and quadratic functions. Nelson (1991) 
developed the Exponential GARCH (EGARCH) model while Glosten, Jagannathan, and Runkle (1993) also 
developed the GJR-GARCH models to capture the leverage effect. Some of the models in this category include 
Threshold GARCH (TGARCH) by Zakoain (1994), and Asymmetric Power ARCH (APARCH) by Ding, Granger, 
and Engle (1993). The models allow bad news and good news to have different impact on volatility in a non-
linear formulation. Negative shocks tend to have a higher effect on volatility than positive news. Thus, the 
behavior of financial time series is best described as a reflective of an asymmetric informational market 
where the investors’ expectations are heterogeneous, stock returns distribution are not normal but of 
Student’s t, GED, and Skewed Student’s t. A market where past and present returns are mutually inclusive 
(autocorrelation), the variance of error term is time-variant, return is non-linear dependent, where the third 
and fourth moments measured by skewedness and kurtosis are important in the determination of the 
statistic characteristics of time series. While skewedness measures the degree of asymmetry of the 
distribution of returns around its mean, kurtosis measures the “fatness” of the tails of a return distribution. 
Similarly, in a market where the distribution of return is normal, skewedness is zero, and kurtosis is 
3.0(mesokurtic). However, when the kurtosis is greater than 3.0, stock return is leptokurtic or fat-tailed or 
heavy-tailed. Conversely, when the skewedness is greater or less than zero, stock return distribution is 
asymptotic. Thus, in a financial time series, the best model to be applied is the GARCH family that exhibits the 
above statistical characteristics. In view of the controversies surrounding the factors affecting the behavior of 
stock returns, this paper will focus on market index series, which can be used to evaluate and distribute stock 
behavior into: returns, size, and volatility and will empirically conclude whether there is presence or absence 
of asymmetric information in the Nigerian stock exchange and what the effect is on the volatility of stock 
returns. 
 
Empirical Reviews: Akerlof (1970) was the first to analyze the impact of information asymmetry in any 
market. He used the US market for used cars where the old and faulty cars are known as “lemons”. He found 
the presence of information asymmetry in the car market was characterized by the informational level of the 
agents, where the car sellers are more privileged to information about the condition of the cars than the 
buyers, and hence they explored this privilege information to make more profit at the expense of the under-
informed buyers. Easley and O’Hara (2004) found a positive correlation between information asymmetry and 
stock returns, where good news reduces volatility and boosts returns. Wang et al., (2005) also examine the 
relationship between the behavior of stock returns, volatility of stock returns (risk) and volume of trading 
(used as a measure of information access) and found a positive effect of the trading volume on stock returns. 
Depending on the level of information of Abad and Rubia (2005) state that the financial market recognizes 
two types of investors: informed and uninformed (less informed) agents. They found that informed agents 
used privilege information to obtain economic gains without justifying the fundamental value of the asset 
price, while uninformed agents trade for liquidity purposes only relying on public information and their 
personal convictions. Clarke and Shastri (2000); and Levi and Zhang, (2008) found a positive correlation 
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between information asymmetry and expected stock returns. Verrecchia (2001); and Gul and Qiu, (2002) 
tested the relationship between information asymmetry and corporate governance and found that higher 
corporate disclosure, reduces information asymmetry. 
 
3. Methodology and Data 
 
The study focuses on the secondary segment of the Nigerian capital market, relying on the Nigerian stock 
exchange daily closed All-Share Index (ASI) from 3 January 2000 to 29 November 2016, translating into 4167 
observations. The data, in the course of this study reflected information available in the market during the 
period of study, and also reflected the response of market participants to information in the market during 
the period of study. The ASI is tested using descriptive statistics to obtain the mean, variance, skewedness, 
kurtosis; characteristics of the stock behavior. Further diagnostic tests were carried out to test the: normality, 
linearity, autocorrelation, and heteroskedasticity of the data to confirm if the statistical characteristics of the 
ASI are a best fit for the GARCH models used. The various GARCH models were tested to select the best in 
terms of the lowest value of the Akaike information Shibata, Hannan-Quinn, and Schwarz criteria employed. 
The economic literature shows that the GARCH specification by Bollerslev (1986) and their large extensions 
including EGARCH, GJR-GARCH, and APARCH will be tested among which the best will be used by the study. 
The parameters will be estimated using Maximum Likelihood Estimation under Gaussian, Student’s t, GED, 
and Skewed Student distributions. The study used an OxMetrics computer econometric package to analyze 
the data. The first step is to take the difference of the level data (return). This is followed by applying 
Autoregressive order 1 AR (1) to determine the level of autocorrelation between the current and past returns. 
The return is squared in order to estimate the volatility. 
 
Model Specification: The models for the various asymmetric ARCH/GARCH are specified in table 3.1 below. 
The table 1 also specified the GED distribution for the APARCH model. 
 
Table 1: Asymmetric Models and GED under APARCH model 
 EGARCH Model GJR-GARCH Model APARCH Model 
Return 𝑅𝑡 = 𝑙𝑛  

𝑃𝑡
𝑃𝑡−1

   𝑅𝑡 = 𝑙𝑛  
𝑃𝑡

𝑃𝑡−1
   𝑅𝑡 = 𝑙𝑛  

𝑃𝑡
𝑃𝑡−1

   

Mean Equation 𝑅𝑡 = 𝐸 𝑅𝑡 𝛺𝑡−1 + 𝜀𝑡 , t=1, 
2, …T, 

𝑅𝑡 = 𝐸 𝑅𝑡 𝛺𝑡−1 + 𝜀𝑡 , 
T=1,2, …T 

𝑅𝑡 = 𝐸 𝑅𝑡 𝛺𝑡−1 + 𝜀𝑡 ,  t= 1, 2, 
…T 

AR(1) 𝑅𝑡 = 𝜇 + 𝜏1𝑅𝑡−1 + 𝜀𝑡  
 t = 0, ±1, ±2, … , T   

𝑅𝑡 = 𝜇 + 𝜏1𝑅𝑡−1 + 𝜀𝑡  
t = 0, ±1, ±2, … , T   

𝑅𝑡 = 𝜇 + 𝜏1𝑅𝑡−1 + 𝜀𝑡  
 t = 0, ±1, ±2, … , T   

ARMA  𝑅𝑡

= 𝜇

+  𝜏1𝑅𝑡−𝑖 +  𝜆1𝜀𝑡+

𝑞

𝑖=𝑗

𝜀𝑡

𝑝

𝑖=1

 

𝑅𝑡

= 𝜇

+  𝜏1𝑅𝑡−𝑖 +  𝜆1𝜀𝑡+

𝑞

𝑖=𝑗

𝜀𝑡

𝑝

𝑖=1

 

𝑅𝑡 = 𝜇 +  𝜏1𝑅𝑡−𝑖

𝑝

𝑖=1

+  𝜆1𝜀𝑡+

𝑞

𝑖=𝑗

𝜀𝑡  

εt 𝜎𝑡𝑧𝑡;  𝑧𝑡~𝑁(0,1, 𝜐) 𝜎𝑡𝑧𝑡;  𝑧𝑡~𝑁(0,1, 𝜐) 𝜎𝑡𝑧𝑡 ;  𝑧𝑡~𝑁(0,1, 𝜐) 

Symmetric 
volatility 

𝜎𝑡
2 = 𝜔 + 𝛼𝑖𝜀𝑡−1

2 + 𝛽𝑖𝜎𝑡−1
2  𝜎𝑡

2 = 𝜔 + 𝛼𝑖𝜀𝑡−1
2 + 𝛽𝑖𝜎𝑡−1

2  𝜎𝑡
2 = 𝜔 + 𝛼𝑖𝜀𝑡−1

2 + 𝛽𝑖𝜎𝑡−1
2  

Asymmetric 
Volatility 

ln 𝜎𝑡
2 

= 𝜔 + 𝛼𝑖  
|𝜀𝑡−1|

𝜎𝑡−1
2 −  

2

𝜋
 

+ 𝛾𝑖

𝜀𝑡−1

𝜎𝑡−1
2 + 𝛽𝑖 ln 𝜎𝑡−1

2   

𝜎𝑡
2

= 𝜔

+   𝛼𝑗 𝜀𝑡−𝑗
2

𝑞

𝑗 =1

+ 𝛾𝑖(𝑚𝑎𝑥(𝑜, 𝜀𝑡−𝑗 ) 
2

+  𝛽𝑖𝜎𝑡−1

𝑝

𝑖=1

 

𝜎𝑡
𝛿  

= 𝜔 +  𝛼𝑗

𝑞

𝑗=𝑖

( 𝜀𝑡−𝑗  − 𝛾𝑗 𝜀𝑡−𝑗 )𝛿

+  𝛽𝑡−𝑖

𝑝

𝑖=1

 𝜎𝑡−𝑖 
𝛿  

MODEL 
APARCH 

Distribution 
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GED 

𝑓 𝑥, 𝜇, 𝜎, 𝜈 =
𝜈

𝜆2
 
𝜈+1
𝜈  

Γ 
1

𝜈
 

𝑒𝑥𝑝  −
1

2
|
𝑥−𝜇

𝜆𝜎
|𝜈  where λ= 

2𝜈
−2Γ 

1

𝜈
 

Γ 
3

𝜈
 

 

1

2

, and 

μ, σ > 0, 𝜈 > 0 𝑎𝑟𝑒 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛, 𝑠𝑐𝑎𝑙𝑒, 𝑎𝑛𝑑 𝑠ℎ𝑎𝑝𝑒, 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑟𝑒𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑒𝑙𝑦. 
 
Table 2: Definitions of Variables and Parameters for estimating Conditional Mean Models 

Parameters & variables Definition of parameters and variables 
AR(1) Autoregressive of lag order 1 
ARMA(p,q) Autoregressive Moving Average of lag order (p,q) 
𝑅𝑡  Daily stock market return of All-share Index at time t 
𝜇,  Constant/mean average/intercept 
𝜏1 ,  Coefficients of the lag returns  
𝑅𝑡−1  Lag Return accounting for autocorrelation at time t-1 
Ωt−1 Information set at time t 
𝛼1, Autoregressive coefficient  
𝛽1 , Moving average coefficient 
𝜀𝑡  Error term /residual/innovation/stochastic error 

 
Table 3: Parameters and Variables for Estimating Conditional Volatility Models 

Parameters & 
variables 

Definition of parameters and variables 

Ln Natural Logarithm 
𝜎2 Conditional variance 
ln( 𝜎𝑡

2) Log conditional variance 
𝜔 Constant 
𝛼𝑡  Coefficient of arch term. It measures the magnitude of the shocks of the news or 

measures the symmetric effects of the last period shocks on current volatility 
𝜀𝑡−1

2  Arch term, squared error term at time t-1 
𝛽𝑖  Parameter that measures persistence in the conditional variance 
𝜎𝑡−1

2  Garch term, squared conditional variance at time t -1 
𝜀𝑡−1 Lagged error term 
𝛾𝑖  Asymmetry or leverage effect coefficient 
|𝜀𝑡−1| Absolute value of the standardized residuals 
𝜈 Degree of freedom 
𝛿 Reflection of leverage effect 

 
Returns 
 
Measurement of Daily Market Returns: The daily closed index is transformed by taking its difference to 
enable us obtain a change and then purge the data series from the presence of unit roots. This is expressed in 
natural log form shown in Table 1, where the logarithm of stock market index at period t(𝑃𝑡)is related to the 
index at period t-1and expressed by𝑅𝑡 = 𝑙𝑛 𝑃𝑡/𝑃𝑡−1 , where: Rt is a time series return on daily closed index at 
time t, and ln is the natural log of the daily market index. 

    
Estimating Conditional Mean: The mean equation is given by𝑅𝑡 = 𝐸 𝑅𝑡 𝛺𝑡−1 + 𝜀𝑡as indicated in Table 1, 
where E(.|.) denotes the conditional expectation operator, Ωt−1is the information set available at t-1.𝜀𝑡are the 
random innovations (surprises) with zero mean and constant variance. The autoregressive of first order 1 
AR(1) of returns is also expressed as 𝑅𝑡 = 𝜇 + 𝜏1𝑅𝑡−1 + 𝜀𝑡 ;    t = 1, 2, … , T , where 𝜏1 ,is the lag return 
coefficient, and𝑅𝑡−1 is the previous year return. Also, ARMA (p,q) process of autoregressive order p and 
moving average order q is described as 𝑅𝑡 = 𝜇 +  𝛼1𝑅𝑡−𝑖 +  𝛽1𝜀𝑡+

𝑞
𝑖=𝑗 𝜀𝑡

𝑝
𝑖=1 .  The ARMA mean equation 

model can be expressed in polynomials of degree n, p and q using backshift operator Bas 𝑅𝑡 = 𝜇 + 𝛼 𝐵 𝑅𝑡 +
𝛽(𝐵)𝜀𝑡 .We have a perfect autoregressive process if q = 0 while we have pure moving average process if p = 0.  
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Conditional Variance 
 
Conditional Variance (Symmetric Volatility): Engle (1982) pioneered the Autoregressive Conditional 
Heteroscedasticity (ARCH) process where he defined the error term in the mean returns (𝜀𝑡) as the 
innovation of the process of the form 𝜀𝑡  = 𝑧𝑡𝜎𝑡 , where𝑧𝑡~𝑁 0,1 . 𝑧𝑡  is an independently identically distributed 
(i.i.d) process with E(𝑧𝑡) = 0 and var(𝑧𝑡) = 1. The Engle (1982) ARCH model is a linear function of the lagged 
value of the innovations as 𝜎𝑡

2 = 𝜔 +  𝛼𝑖𝜀𝑡−1
2𝑞

𝑖−1 . However, ARCH required many parameters and a high order 

q to capture the volatility process. Hence, Bollerslev (1986) generalized ARCH (GARCH) by importing the lag 
of residual variance to reduce the number of estimated parameters and imposing nonlinear restrictions. The 
Bollerslev (1986) Generalized Autoregressive Conditional Heteroskedasticity (GARCH) model is of the 
form 𝜎𝑡

2 = 𝜔 + 𝛼𝑖𝜀𝑡−1
2 + 𝛽𝑖𝜎𝑡−1

2 .  To ensure that  𝜎𝑡
2 is positive for all t. Bollerslev (1986) imposed these 

restrictions𝜔 > 0, 𝛼𝑖 ≥ 0,  𝑓𝑜𝑟 𝑖 = 1, 2, … , 𝑞 , 𝑎𝑛𝑑 𝛽𝑖 ≥ 0 (𝑓𝑜𝑟 𝑗 = 1, 2, … , 𝑝).The𝜎𝑡
2 represents the 

conditional variance of ASI at time t,𝜔 is the intercept, while 𝛼𝑖  𝑖𝑠 a coefficient (the symmetric effect of the 
model) which measures the recent or short-term effects of news on stock volatility. Put in another way, 𝛼𝑖  can 
be referred to as a first order ARCH term which transmits news about volatility from the previous period. The 
𝜀𝑡−1

2  𝑖𝑠 𝑡ℎ𝑒  ARCH term this is typically interpreted as the measures of the impact of recent news on volatility. 
𝛽𝑖  is the coefficient of autoregressive component of conditional variance which can be interpreted as 
persistent coefficient that measures the impact of the old news on volatility or the first order GARCH term 
and 𝜎𝑡−1 

2 is the GARCH term that measures the long term effect of news on stock volatility.  
 
Asymmetric Volatility: To capture the asymmetric volatility in the stock market returns, we tested EGARCH 
model by Nelson (1991); GJR-GARCH model by Glosten Jaganathan, and Runkle (1993); and APARCH model 
by Ding et al. (1993) with normal, Student’s t, GED, and Skewed distributions. Nelson (1991) introduced 
EGARCH as an extension to the GARCH model proposed by Bollerslev (1986) to overcome some weaknesses 
related to the GARCH model in handling financial time series (Wallenius, Fedorova, and Collan, 2013). 
Nelson’s EGARCH model is also superior to Bollerslev’s GARCH model for studying the impact of shocks on 
stock and is widely used for estimating volatility in financial markets because it applies logged conditional 
variances and if the model parameters have negative values, the conditional variance remains positive and 
does not require artificial imposition of non-negativity constraints on the model parameters. From table 1 
(above), the asymmetric volatility EGARCH equation is stated as log of the conditional variance{ln 𝜎𝑡

2 }. 
There are four parameters to be estimated:𝜔, 𝛼𝑖 , 𝛾𝑖 , 𝛽𝑖  where 𝜔, 𝛼𝑖 , 𝛽𝑖  are as previously defined, while the 
coefficient 𝛾𝑖  measures the asymmetric effect or leverage effect of the shocks on volatility. The presence of 
asymmetric effects can be tested by the hypothesis that 𝛾𝑖 = 0. 𝑖𝑓 𝛾𝑖=0, it implies a symmetric effect where 
positive and negative shocks of the same magnitude have the same effect on volatility of stock returns. The 
effect is asymmetric if 𝛾𝑖 ≠ 0.    If  𝛾 < 0, (negative and significant) then, positive shock (good news) generate 
less volatility than negative shocks (bad news). When 𝛾 > 0, (positive and significant), it signifies that 
positive innovations are more destabilizing than negative innovations (Atoi, 2014). The total impact of good 
news on volatility is measured by |1+ 𝛾|𝜀𝑡−1|, while the total impact of bad news is measured as |1- 𝛾|𝜀𝑡−1|. 
 
4. Empirical Results 
 
Descriptive Statistics: The descriptive statistical characteristics of the daily market index returns showed 
average daily returns of 0.04%; compared to a very high average daily risk of 1.123% as measured by 
standard deviation which indicates that the stock returns in Nigeria are characterized by higher volatility.  
Thus, it is established that the higher the risk, the higher the volatility and the lower the returns in Nigerian 
stock market. The third and fourth moments as measured by skewedness and kurtosis also exhibit 
asymptotic and leptokurtic (fat-tailed) behavior where the degree of asymmetry distribution around the 
mean is 0.19 which is greater than zero for normal distribution. The kurtosis stood at 26.14, greater than the 
normal standard of 3.0. However, under normal distribution, R-square is expected to be greater than 60% but 
in this study it stood at 9% while the F-Statistics was positive (412.74) and significant at 1% level. Overall, the 
descriptive statistics behavior of the stock market returns in Nigeria is not normally distributed. This is 
shown in Table 4 below 
 
More importantly, when applying residual diagnostic tests, the normality test by Jacque-Berra rejects the null 
hypothesis of normal distribution which is positive at 92987.14 and significant at 1 per cent level. The 
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heteroskedasticity test or ARCH-LM test also accepts the alternative hypothesis of the presence of ARCH 
effect in the stock market returns while the BDS test rejects the null hypothesis of linearity in the distribution 
of the stock market returns. The ADF exhibited no unit root in the data while the serial correlation results 
reject the null hypothesis of the presence of serial correlation of market returns. In summary, the behavior of 
stock market returns in Nigeria is nor-normal, non-linear, auto-correlated, and heteroskedastic (ARCH effect). 
Therefore, the best models fit for this behavior of stock returns are the ARCH/GARCH family with their higher 
extensions. However, the movement of market index and its corresponding first difference data is 
demonstrated in figure 1 (below): 
 
Table 4: Descriptive characteristics of Stock Market Returns in Nigeria  

Mean Std. 
Dev 

Skewed 
ness 

Kurtosis 
 

R-Sq JB Q-Stat ADF BDS ARCH 
LM 

F-Stat BJ Obser 
vations 

0.0004 0.01123 0.1942 26.14 0.090 92987.14* 651.92* -35.57* 0.054
* 

795.51* 412.74* 44.75* 4168 

p-value     0.0000 0.0000 0.0000 0.000 0.0000 0.0000 0.0000  

Note that std Dev, JB, Q-Stat, BDS, ADF, BJ, and ARCH are standard deviation, Jarque-Bera, correlogram, Brock-Dechert-
Scheikman, Augmented-Dickey-Fuller, Box Jerkins, and Heteroskedasticity statistics respectively; while * implies significance 
level at 1 percent. 
Source: Omokehinde, Abata, Somoye, and Migiro (2017) 

 
Figure 1: Daily Movement in the NSE-All-Share Index from 3 Jan. 2000- 29 Nov 2016 

 
 
The daily movement of Nigerian stock market index at level form over the period 3rd January 2000 to 29 
November 2016is shown in figure 4.1 above. The study revealed that the behavior of the daily index exhibits 
a random walk movement (RWM). The index grew by 478.55% to peak at 30,703.46 on June 18, 2004 from its 
beginning level of 5,306.99. The bank recapitalization news came as a surprise to the participants in the 
market and declined the index by 32.71% to 20,661.44 on 6 April 2005 from its first peak level. However, the 
success of bank recapitalization coupled with indiscriminate grating of margin facility for the acquisition of 
shares had driven the index to an all-time high of 66,286.58 on 4 March 2008, a growth of 220.82%. The 
global financial crisis in 2008 drove the index down by -70.12% to 19,803.60 a year after on 4 March 2009. 
The index has not yet fully recovered to the level it was at on4 March 2008. The index has been persistently 
hovering between 20,000 and 40,000 level since 2009 and finally stood at 25, 318.41 on 29 November2016. 
However, the peculiar characteristic of the index as shown in Figure 4.1 is that it is white noised. This 
characteristic is noted in most integrated level zero, (I(0)) variables and that is why they have to be 
differenced. Thus, the movement of the differenced index which is referred to stock market return is shown in 
figure 4.2 below: 
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Meanwhile, a careful look at figure 2 (above) shows that returns fluctuate around the mean value and the 
RWM does not emerge again after the index has been transformed to first difference or return. The 
fluctuations are both in the positive and negative region with clustering in volatile periods alternated by 
periods of calm. Hence, the stock market return is clustering or pooling with large shocks of both signs 
following large shocks while small shocks of both signs following small shocks is consistent with the findings 
of Mandelbrot (1963). This suggests that the residual is conditionally heteroskedastic and it can be 
represented by ARCH and GARCH models. In addition, the variance of the stock returns is not constant over 
time but time-varying with evidence of volatility clustering and persistence being consistent with the findings 
of Bollerslev (1986), Engle (1982) and Nelson (1994). There are occasional outliers induced by fundamental 
financial crises. In short, the Nigerian stock market return has a property of covariance stationarity or 
reversibility, the return is chaotic rather than martingale in nature. The sudden astronomical increase in 
stock market index that was witnessed in period of 2007 and 2008 is believed to have been occasioned by the 
recapitalization in the banking sector, the indiscriminate granting of margin facilities by financial institutions, 
and the lingering effect of the global financial crisis that erupted in the world capital markets including the 
Nigerian stock market between 2008 and 2016.  
 
Figure 2: Daily Movement of Stock-Market Return (4 Jan, 2000 to 29Nov, 2016)   
     

No of Years 
 
The choice of APARCH (1,1) model as the best fit from between the most two preferred asymmetric GARCH 
models is taken using the four distribution criteria: normal, student-t, GED, and Skewed-t. However, the GED 
distribution is considered to be the most efficient because it has the larger log likelihood of 34295.9 with the 
lowest Shibata Information Criterion of -16.457859as shown in table 5 below:  
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Table 5: Selection of the Best-Fit Model 
CRITERION GJR-GARCH MODEL APARCH MODEL 
 Student-t GED Skewed Student-t GED Skewed 
Log likelihood 32765 34159.1 32839.1 32902.2 34295.9 33021.2 
 AIC -15.723521 -16.392636 -15.758607 -15788905 -16.457854 -15.845552 
 SIC -15.715920 -16.385035 -15.749485 -15.779784 -16.448733 -15.834910 

Shibata -15.723524 -16.392639 -15.758611 -15788909 -16.457859 -15845558 
Hannan-Quinn -15.720832 -16.389948 -15.755380 -15.785679 -16.454628 -15.841788 
Source: Omokehinde, Abata, Somoye, and Migiro (2017) 
The asymmetric and leverage effects measured by the nonlinear asymmetric variance specifications have 
been pruned down to GJR-GARCH and APARCH models where APARCH (1,1) model under the GED 
distribution has been finally selected for the analysis of the results as shown in table 6 below: 
 
Table 6: APARCH (1,1) Approach under GED Distribution 

  Coefficient    Std.Error   t-value   t-prob 

Cst(ω)   100.000000       21.500     4.651    0.0000 
ARCH(α)          1.000000     0.086582     11.55    0.0000 
GARCH(β)          0.695950     0.069905     9.956    0.0000 
APARCH(𝛾)       -1.000000      0.27675    -3.613    0.0003 
APARCH(𝛿)         0.920859     0.062108     14.83    0.0000 
G.E.D.(DF)            0.174637     0.011093     15.74    0.0000 

Source: Omokehinde, Abata, Somoye, and Migiro (2017) 
 
Table 6 (above) revealed the effect of asymmetric information on the volatility of stock returns in the 
Nigerian stock market from 3 January 2000 to 29 November 2016. The asymmetric parameter of interest is 
measured by APARCH gamma (𝛾). The coefficient is negative (-1.000) and statistically significant at 1% level. 
This confirms that there is an asymmetric or leverage effect where bad news has a destabilizing effect on 
volatility in Nigeria. The total impact of bad news on volatility is explosive at 2.0 during the period. Also, the 
volatility persistence which is measured by the sum of ARCH(α) and GARCH(β) stood at 1.695950. This is 
above unity and suggests that it takes the volatility long time to attenuate in Nigeria. This could largely be 
ascribed to the persistent effect of the 2008 global financial crisis which probably has eroded investors’ 
confidence in the market. However, the use of the ARMA (1,1)-APARCH (1,1) model provides a less significant 
result relative to APARCH (1,1), model as shown in table 7 below. 
 
Table 7: ARMA (1,1)-APARCH (1,1) Approach under GED Distribution 

  Coefficient    Std.Error   t-value   t-prob 

Mu  5.167942       1.7948     2.879    0.0040 
AR(1)                 0.432953     0.089028     4.863    0.0000 
MA(1)                -0.077414      0.13170   -0.5878   0.5567 
Cst. (ω)  1.626415       1.7062    0.9532    0.3405 
ARCH(α)          0.298091     0.051768     5.758    0.0000 
GARCH(β)          0.648582     0.079763     8.131    0.0000 
APARCH(γ)       -0.050815     0.055587   -0.9141   0.3607 
APARCH(δ)         1.419660      0.25090     5.658    0.0000 
G.E.D.(DF)            1.115214     0.060295     18.50    0.0000 

Source: Omokehinde, Abata, Somoye, and  Migiro (2017) 
 
The application of ARMA (1,1)-APARCH (1,1) approach as indicated in Table 7 (above), showed that the 
autoregressive order 1, AR(1) parameter is positive and significant at 1% level which is different from the 
moving average order 1 MA(1) with a negative coefficient and insignificant probability value. Thus, the 
present return of the Nigerian stock market has 43.30% predictive probability dependence on the previous 
level of returns. Also, the asymmetric coefficient (Gamma1), although negative, is insignificant. The 
distribution is less significant, relative to APARCH (1,1) as shown in Table 4.32 (above). Other parameters of 
ARCH and GARCH were positively and significantly distributed but with less persistent volatility of 0.946673 
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(approximately 1) signifying that stock returns volatility persistence will take longer to decay in Nigerian 
stock market. Also the evidence of asymmetric volatility is confirmed in the Nigerian stock market with 
negative coefficient of Gamma1 (-0.050815) which suggests that bad news innovations are more destabilizing 
with volatility of stock returns. However, the total impact of news on volatility using this approach is 
1.050815 which is 0.949185 lower than when  using the APARCH (1,1) approach. 
 
5. Conclusion and Recommendations  
 
The paper concluded that asymmetric or leverage effect exists in the Nigerian stock market. The impact of 
bad news has more disturbing effect on volatility than good news. The evidence of asymmetry in the Nigerian 
stock market therefore suggests that information usually enter the market non-linearly in such a way that 
returns were nor-normally distributed, thereby, modified the variance of the error term to be time-varying 
instead of being constant as in a perfect market. The existence of asymmetric information indicates that the 
Nigerian stock market is informational in efficient. The volatility persistence was more explosive and above 
unity which suggests that it takes volatility persistence long to decay. That is why the 2008 global financial 
crisis is still persisting in the market to date, accounted for the investors’ sentiments of loss of confidence in 
the market and their preference for investing in fixed income securities and real estate. It is therefore, 
recommended that the Nigerian stock market should be deepened and diversified to include trading in 
financial derivatives instruments with a view to boosting investors’ confidence already weakened by the 
longer period it takes volatility persistence to decay. Financial regulators should operate a deep, efficient and 
uninterrupted information flows framework to reduce the effect of information asymmetry on investment 
decisions, increase transparency, and boost investors’ confidence in the Nigerian stock market.  
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