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ABSTRACT 

Volatility modelling has always been an important subject of inquiry and research in 

Financial Markets (such as crude oil markets). However, the review of relevant literatures 

showed that Autoregressive Conditional Heteroscedasticity (ARCH) model and its various 

extensions are being applied for modelling the volatility of Financial Time Series to capture 

the stylized facts incorporated in these series, but less attention has been given to the 

contribution of the error distribution assumptions while modelling the volatility. Accordingly, 

this study examined the monthly series of the Nigerian Crude Oil Price (NCOP) with a scope 

of January, 1982 to March, 2019 by employing simple GARCH, GARCH-M, EGARCH, 

TGARCH, GJR-GARCH, and APARCH models each in three main error distributions which 

are normal error, student’s t error and General Error Distribution (GED). The Log-

likelihood function, Akaike Information Criteria (AIC) and Bayesian Information Criteria 

(BIC) were used to compare the performances of the estimated models. The results indicated 

the existence of volatility clustering, leptokurtic behavior, leverage effect and high volatility 

persistence in the Nigerian crude oil price and that the asymmetric EGARCH model in 

Student’s-t distribution and GED has the best specifications for explaining Nigerian Crude 

Oil Price conditional volatility than the normal error.  It was concluded that the 

ARCH/GARCH models are suitable for dealing with volatility in oil price market and that, 

GARCH models with normal errors are not capable to fully capture the leptokurtic in 

empirical Time Series. Furthermore, the asymmetric effects are indeed present in empirical 

data and the asymmetric GARCH models perform better than the symmetric GARCH model 

in explaining conditional volatility. The work recommends that more credence may be given 

to asymmetric models for modelling oil price volatility, and thus investors to react to bad 

news than good news. 

Keywords: Asymmetric effect, errors distribution, modelling, volatility, oil price, time series, 

volatility persistence.  
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INTRODUCTION 

Crude oil is one of the greatest vital commodities in the world and despite the crusade 

for green energy and other sources of power, it is still an exclusive commodity in the 

international market. Crude oil applications are pervasive in daily life, regardless of being 

non-renewable, the world consumes crude oil every single minute as it is hard to find an 

alternative source that can parallel its performances. For the past two decades, oil has been 

experiencing some ups and downs. In early 1999, there was the Asian Financial Crisis, along 

with Iraq deciding to increase oil production, which caused oil prices to reach a bottom. But 

the market adjusted quickly and reached over U.S. $34 by late 2000.  The dotcom bubble in 

2001 caused another round of economic panic, which caused it to drop until early 2002. 

Then, the global economy had been regaining momentum which resulted in a few years of 

bullish state (Lam, 2013). Accordingly, oil prices had been spiking up.  

The limiting amount of global oil supply and hostile relationships between the U.S. 

and a number of oil producing countries caused oil price touched an all-time high of U.S. 

$147.30 in which the housing bubble in the U.S. started to burst, and an unprecedented credit 

crisis was followed. The dramatic decline in oil price that followed was difficult to model. 

Even though the price had, in general, exhibited a steady level of recovery after the financial 

crisis in 2008, it still posts a great challenge to find a model that performs consistently well, 

when being confronted with such unpredictable circumstances.  

Nevertheless, crude oil price behaves like any other commodity with price swings in 

times of shortage and surplus. Such price swings have multiplier effect on our daily life 

ranging from diesel and gasoline to detergent, medicines and household appliances. Because 

of the multifaceted usefulness of crude oil, there is broad consensus that its price volatility 

can have significant impact on the financial market and economy. For instance, an increase in 

oil price induces higher cost of production and changes capacity utilization of firms. Such 

higher costs of production are usually passed on to consumers through soaring prices of 

consumer‟s goods. 

Furthermore, oil prices could lead to the implementation of policies. For example, 

interest in energy-related policy was revived with the high oil prices in the late 2000s, and the 

composition of governmental supports across sectors shifted tectonically with the American 

Recovery and Reinvestment Act, away from fossil fuels and toward unprecedented levels of 

support for renewable energy. Thus, modelling and forecasting crude oil prices have attracted 

the interest of business moguls‟, energy researchers and policy makers. Therefore, an 

accurate forecast of oil prices is of great interest to investors, Energy Researchers and 

policymakers.  

However, the review of relevant literatures shows that Autoregressive Conditional 

Heteroscedasticity model (ARCH model) and its various extensions are being applied for 

modelling volatility of financial Time Series data in order to captures the stylized facts 

incorporated in these series such as volatility clustering, persistence, heavy tail distribution, 

and leverage effects. But less attention has been given to the contribution of the error 

distribution assumptions while modelling volatility. And according to Deebom and Essi 

(2017), the wrong use of an appropriate error distribution in volatility model for financial 

Time Series may cause misspecification in volatility model, leptokurtic and autocorrelation 

behaviour of such series. Sequel to this, this study tends to model and forecast the volatility 

of Nigerian monthly crude oil Price series using two symmetric GARCH (GARCH and 

GARCH-M) models and four different asymmetric GARCH (EGARCH; TGARCH; GJR-

GARCH and APARCH) models by considering or assuming three different error 
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distributions which are the Normal Error Distribution, Student‟s t Error Distribution and the 

Generalized Error Distribution. Thus, the aim of this study is to compare the performance of 

different symmetric and asymmetric GARCH models in three different distributional 

assumptions namely: normal error distribution; student‟s t distribution and the Generalized 

Error Distribution (GED); and the objectives are: 

i. To determine the volatility of the NCOP by estimating a series of symmetric and 

asymmetric GARCH models. 

ii. To select the best model and appropriate error distribution for explaining conditional 

volatility of the Nigerian Crude Oil Price based on information criterion, AIC and 

BIC. 

iii. To validate the homoscedasticity assumption of the best model selected using the LM-

Test. 

 

LITERATURE REVIEW 

Historical examination of Financial Time Series data has revealed that volatility is not 

constant over time. It has been found that great returns are frequently followed by further 

large returns and vice versa termed as volatility clustering (Mandelbrot, 1963). The swing in 

volatility over time is due to the supposed market and unique risks not being constant, leading 

to risk at different periods (Brooks, 2014). Further on, Asset returns and commodities prices 

have leptokurtic unconditional distributions (Mandelbrot 1963, Fama 1965), which is related 

to the time varying volatility and are characterized by volatility clustering (Mandelbrot 1963, 

Fama 1965). Schwartz (1989) proved that Financial Time Series reveals high and low 

volatility episodes at any time, entailing that volatility in current time will lead to the 

probability of volatility many periods in future. Skewness can be associated to the fact that 

stock prices are liable to cluster; large (small) changes are followed by large (small) changes 

(Bollerslev 1986).  

The first break-through in modelling Time Series that exhibit the above characteristics 

was championed by Engle (1982) which he termed as Autoregressive Conditional 

Heteroskedasticity (ARCH) model. Engle (1982) demonstrated that conditional 

heteroskedasticity can be modelled using an auto-regressive conditional variance of the 

disturbance term with linear combination of the square disturbance in the recent past second. 

Meanwhile Engle (1982) modelled the heteroskedasticity by relating the conditional variance 

of the errors term to the linear combination of the squared errors in the recent past.  

However, when using the ARCH model in determining the optimal lag length of 

variables are very cumbersome (Deebom & Essi, 2017), therefore, often time users encounter 

problems of over parameterization. Sequel to this and many other lapses and challenges 

encountered in the ARCH model, Bollerslev (1986) proposed extension to ARCH model 

which was referred to as Generalized Autoregressive Conditional Heteroskedasticity 

(GARCH) model. Bollerslev (1986) generalized the ARCH model by modelling the 

conditional variance to depend on its lagged values as well as squared lagged values of 

disturbance. This was done with view to achieving parsimony just like the idea behind 

Autoregressive Moving Average (ARMA) model. 

 Ever since the work of Engle (1982) and Bollerslev (1986), various variants of 

GARCH model have been developed to model volatility. Some of the models include 

IGARCH model originally proposed by Engle and Bollerslev (1986); GARCH in- Mean 
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(GARCH-M) model introduced by Engle et al (1987); the standard deviation GARCH model 

introduced by Taylor (1986) and Schwert (1989); the EGARCH or Exponential GARCH 

model proposed by Nelson (1991); Threshold ARCH or TARCH and Threshold GARCH 

model introduced independently by Zakoïan (1994) and Glostenet al (1993), the Power 

ARCH model generalised by Ding et al (1993) among others (Tasi'u, et al., 2014). 

Most of the studies which applied ARCH/GARCH models on Financial Time Series 

to measure or model volatility found the existence of non-normality, volatility clusters, 

negative skewness, leptokurtosis in their respective Time Series from different countries such 

as the work of Floros (2008) and Emenike (2010) in Nigeria, Su (2010) in China, Angabini 

and Wasiuzzaman (2011) in Malaysia, Abd el Aal (2011) and Ezzat (2012) in Egypt and 

Freedi et al.. (2012) in Saudi Arabia which all applied TGARCH, EGARCH, and GJR 

GARCH models in their studies and their findings revealed that EGARCH and GJR-GARCH 

are the best models for measuring volatility, detecting clustering effect, leptokurtosis and the 

leverage effect.  

Similarly, Miron and Tudor (2010) compared several statistical models for daily stock 

return volatility in terms of sample fit and out-of-sample forecast ability. The focus is on U.S. 

and Romanian daily stock return data corresponding to the 2002-2010 time intervals. The 

work investigates the presence of leverage effects and estimate different asymmetric 

GARCH-family models (which are EGARCH, PGARCH and TGARCH) specifying 

successively a Normal, Student‟s t and GED error distributions. They find that GARCH 

family models with normal errors are not capable to capture fully the leptokurtic in empirical 

Time Series, while GED and Student‟s t error provide a better description for the conditional 

volatility. Additionally, they outline some stylized fact about volatility that are not captured 

by conventional ARCH or GARCH models but are consider by the asymmetric models and 

document their presence in empirical Time Series. Finally they report that volatility estimates 

given by the EGARCH model exhibit generally lower forecast errors and are therefore more 

accurate than the estimate given by the other asymmetric GARCH models. 

In order to determine volatility modelling of exchange rate between US dollar (USD) 

and Nigerian Naira (NGN), Tasi‟u et al. (2014) investigated the volatility of daily exchange 

rate of Naira vis-à-vis United State Dollar using GARCH, GJR-GARCH, TGARCH and TS-

GARCH models by using data over the period June 2000 to July 2011. The result shows that 

the GJR-GARCH and TGARCH models show the existence of statistically significant 

asymmetric effect. The forecasting ability is subsequently assessed using the symmetric loss 

functions which are the Mean Absolute Error (MAE), Root Mean Absolute Error (RMAE), 

Mean Absolute Percentage Error (MAPE) and Theil-inequality coefficient. The results show 

that TGARCH model provide the most accurate forecasts. They conclude that this model 

(TGARCH model) captured all the necessary stylized facts (common features) of financial 

data, such as persistent, volatility clustering and asymmetric effects.  

Hussaini et al. (2015) evaluated volatility forecasts of the Nigerian Stock Exchange 

rate obtained through asymmetric models. They make use of monthly data from January, 

2000 to January, 2012 to evaluate the parameter of each model and produce volatility 

estimates. Their result shows that the coefficient of determinant of the presence of volatility 

clustering is statistically significant in the EGARCH model; this appears to show the 

presence of volatility clustering. The forecasting ability was subsequently assessed using the 

symmetric lost functions which are the Mean Absolute Error (MAE), Root Mean Absolute 

Error (RMAE), Mean Absolute Percentage Error (MAPE) and Theil-inequality coefficient. 

The results show that GJR-GARCH model provides best estimates for persistence, volatility 
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clustering and leverage effects are absent or minimal, GARCH model provides the most 

accurate forecast of future volatility. 

In the same vein, the volatility of crude oil prices has been of growing area of 

research. Accordingly, the studies of oil price volatility are covering a number of different 

areas and issues and examine the characteristics of these prices in various respects. Many 

empirical studies showed evidence that Time Series of crude oil prices, likewise other 

financial Time Series, are characterized by the common features of financial data called 

stylized facts such as heavy tail distribution, volatility clustering, asymmetry and leverage 

effects.  

Narayem and Narayan (2007) use the Exponential Generalized Conditional 

Heteroscedasticity (EGARCH) model with a daily data for the period 1991-2006 with the 

intention of checking for evidence of asymmetry and persistence of shocks. In their work, 

volatility is characterized in various sub-samples to judge the robustness of their results. 

Across the various subsamples they show an inconsistent evidence of asymmetry and 

persistence of shocks and also across full sample period, evidence suggests that shocks have 

permanent effects and asymmetric effects on volatility. Thus Narayan and Narayan (2007) 

findings imply that behaviour of oil prices tends to change over short periods of time. 

Olowe (2009) investigated weekly oil price volatility in Nigeria using EGARCH (1, 

1) within January 3, 1997 – March 6, 2009. The result shows that the oil price return series 

has high persistence of volatility, volatility clustering and asymmetric characteristics. 

 In like manner, Tatyana (2010) studied the dynamics of oil prices (Brent and WTI 

crude oil markets) and their volatilities by Linking four GARCH related models namely; 

GARCH (1,1), GJR – GARCH (1,1), EGARCH (1,1) and APARACH (1,1). The findings of 

this study showed that oil shocks have permanent impact and there exist asymmetric 

consequence on the volatility of the markets under consideration. 

Alhassan and Kilishi (2016) provide analytical insight on modelling macroeconomic 

and oil price volatility in Nigeria. Mainly, they employed GARCH model and its variants 

(GARCH-M, EGARCH and TGARCH) with daily, monthly and quarterly data. The findings 

reveal that: all the macroeconomic variables considered (real gross domestic product, interest 

rate, exchange rate and oil price) are highly volatile; the asymmetric models (TGARCH and 

EGARCH) outperform the symmetric models (GARCH (1 1) and GARCH – M), and that, the 

asymmetric effects are important in modelling oil market in Nigeria. They also conclude that 

crude oil price is a major source of macroeconomic volatility in Nigeria.  

The study of Deebom and Essi (2017) was targeted at modelling price volatility and 

the risk-return related to crude oil export in Nigerian crude oil market using the first order 

asymmetric and symmetric univariate Generalized Autoregressive Conditional 

heteroscedasticity (GARCH) family models. Three objectives with three research questions 

and two hypotheses were raised for the study. The results from the statistical analysis reveal 

that the markets were optimistic of their investment and other trade related activities. Sequel 

to that, there were high probabilities of gains than losses. Although, the variables use in the 

markets were extremely volatiles and shows evidence there exists positive risk first-rated 

meaning that investments or investors deserved rewards for holding risky assets. However, 

the selected models were subjected to several diagnostic test such as ARCH effect test, test 

for serial correlation and QQ-plot in order to validate their fitness which was confirmed to be 

appropriate. For investors or marketers in these markets, they were advice to be mindful in 

trading in a highly volatile period especially when there is evidence of high standard 
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deviation in the descriptive statistic of the return series and in modelling volatility of price 

return of certain micro/ macro-economic variable the leverage effect of such variable should 

be properly estimated using asymmetric GARCH model. 

Aigheyisi (2018) investigated the effect of oil price volatility on the business cycle 

(measured as fluctuations in real GDP) in Nigeria, while controlling for effects of other 

variables such as inflation, exchange rate, money supply, trade openness and foreign direct 

investment. Volatility in real GDP and oil price is generated through the EGARCH process. 

The paper recommends channelling of efforts by the government towards diversifying the 

productive base and exports of the country as measure to reduce volatility in the real GDP. 

However, the review of relevant literatures showed that Autoregressive Conditional 

Heteroscedasticity (ARCH) model and its various extensions are being applied for modelling 

volatility of financial Time Series data in order to captures the stylized facts incorporated in 

these series such as volatility clustering, persistence, heavy tail, and leverage effects. But less 

attention has been given to the contribution of the error distribution assumptions while 

modelling volatility. According to Deebom and Essi (2017), the wrong use of an appropriate 

error distribution in volatility modelling for financial Time Series may cause misspecification 

in volatility model, leptokurtic and autocorrelation behaviour of such series. Sequel to this, 

this study tends to examine the volatility of Nigerian monthly crude oil Price series using two 

symmetric GARCH (GARCH and GARCH-M) models and four different asymmetric 

GARCH (EGARCH; TGARCH; GJR-GARCH and APARCH) models by considering or 

assuming three different error distributions which are the Normal Error Distribution, 

Student‟s t Error Distribution and the Generalized Error Distribution. Thus, the study 

investigates best model for the Nigerian crude oil price with best error distribution. 

 

METHODOLOGY 

3.1 Nature and source of data 

The data used in this study is monthly Nigerian crude oil prices in USD/barrel 

obtained from the Central Bank of Nigeria statistical database website over the period 

January, 1982 to March, 2019. The rate of return or growth rate of the oil price is computed 

using the continuous compounded growth rate or simply log-return. Let Pt be the price of the 

crude oil at time index t, then the log return rt of the Pt is given as: 

1

1

log t
t t t

t

p
r p p

p




 
   

 
 

3.2 Normality Tests 

In order to determine whether or not the sample data used in this study has been drawn from a 

normally distributed population, a number of well-known normality tests, namely, the 

Kolmogorov-Smirnov one sample test; Shapiro-Wilk test; and Jarque–Bera test were used. 

3.2.1 One-Sample Kolmogorov-Smirnov Test 

The One-Sample Kolmogorov-Smirnov Test procedure compares the observed cumulative 

distribution function for a variable with a specified theoretical distribution, which may be 

normal (as in our case), uniform, Poisson, or exponential. The Kolmogorov-Smirnov Z is 

computed from the largest difference (in absolute value) between the observed and theoretical 

cumulative distribution functions. This goodness-of-fit test tests whether the observations 

(1) 
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could reasonably have come from the specified distribution (Wikipedia). Thus, the one-

sample Kolmogorov-Smirnov test can be used to test whether a sample comes from a 

population that is normally distributed. 

In the special case of testing for normality of the distribution, samples are standardized and 

compared with a standard normal distribution. This is equivalent to setting the mean and 

variance of the reference distribution equal to the sample estimates, and it is known that using 

these to define the specific reference distribution changes the null distribution of the test 

statistic. Various studies have found that, even in this corrected form, the test is less powerful 

for testing normality than the Shapiro–Wilk test (Stephens, 1974). 

The empirical distribution function Fn for n independent and identically distributed (i.i.d.) 

ordered observations Xi is defined as 

𝐹𝑛 =
𝑛𝑢𝑚𝑏𝑒𝑟  𝑜𝑓  (𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑠  𝑖𝑛  𝑡ℎ𝑒  𝑠𝑎𝑚𝑝𝑙𝑒  ≤𝑥)

𝑛
 [ , ]

1

1
1 ,

n

x i

i

X
n
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 [ , ]

1

1
n

x i

i

X



  is the indicator function, equal to 1 if Xi ≤ x and equals to zero otherwise 

(Wikipedia). 

The Kolmogorov–Smirnov statistic for a given cumulative distribution function F(x) is 

( ) ( )sup n

x

Dn F x F x   

where sup
x

 is the supremum of the set of distances. Intuitively, the statistic takes the largest 

absolute difference between the two distribution functions across all x values (Wikipedia). 

3.2.2 Shapiro-Wilk Normality Test 

Shapiro-Wilk Test is a statistical test of the distribution of a data as a whole deviates from a 

comparable normal distribution. The Normality test tests the null hypothesis that a sample x1, 

..., xn came from a normally distributed population. The test statistic is 
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where 

( )ix  (with parentheses enclosing the subscript index i, not to be confused with xi ) is the  

order statistics i.e. the i
th

 – smallest number in the sample. 1( ...... )nx x
x

n
 

  is the 

sample mean. 

The coefficients ai are given by 

(2) 
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where C is a vector norm: 
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And the vector m, 

 1,....
T

nm m m  

is made of the expected values of the order statistics of independent and identically 

distributed random variables sampled from the standard normal distribution; finally, V is 

the covariance matrix of those normal order statistics (Shapiro and Wilk, 1965). 

3.2.3 Jarque-Bera Normality Test 

In statistics, the Jarque–Bera test is a goodness-of-fit test of whether sample data have 

the skewness and kurtosis matching a normal distribution. The test is named after Carlos 

Jarque and Anil K. Bera. The test statistic is always nonnegative. If it is far from zero, it 

signals the data do not have a normal distribution. 

The test statistic JB is defined as 
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where n is the number of observations (or degrees of freedom in general); S is the 

sample skewness, K is the sample kurtosis: 
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where 3̂  and 4̂ are the estimates of third and fourth central moments, respectively, x  is the 

sample mean, and 2̂ is the estimate of the second central moment, the variance. If the data 

comes from a normal distribution, the JB statistic asymptotically has a chi-squared 

distribution with two degrees of freedom, so the statistic can be used to test the hypothesis 

that the data are from a normal distribution (Jarque & Bera, 1980).  

3.3 Unit Root (Stationarity) Tests 

Stationary is a very important factor in time series. A time series is said to be “stationary” if it 

has no trend, exhibits constant variance over time, and has a constant autocorrelation 

structure over time. In other words, stationarity in Time Series also means series without 

(3) 
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a Trend or Seasonal components. Stationary series is easier for statistical models to predict 

effectively and precisely. 

One way to test whether a time series is stationary is to perform a Unit root (stationarity) test.  

In this regard, this study will make use of Augmented Dickey-Fuller test (ADF 

Test) and Kwiatkowski-Phillips-Schmidt-Shin test (KPSS test). The two tests are the most 

commonly used statistical tests when it comes to analysing the stationary of a series.  

3.3.1 Augmented Dickey-Fuller (ADF) Test 

In statistics and econometrics, an augmented Dickey–Fuller test (ADF) tests the null 

hypothesis that a unit root is present in a time series sample. The alternative hypothesis is 

different depending on which version of the test is used, but is usually stationarity or trend-

stationarity. It is an augmented version of the Dickey–Fuller test for a larger and more 

complicated set of time series models (Wikipedia). 

The Dickey-Fuller test is testing if ϕ=0 in the following equation of a time series data: 

1t t t ty y        

which is written as 

1 1t t t t ty y y t y            

where ty  is the time series. It is written this way so one can do a linear regression of ty

against t and 1ty   and test if  is different from 0. If 0  , then we have a random walk 

process. If not and 1 1 1,    then we have a stationary process (Holmes,et al, 2021). 

The testing procedure for the ADF test is the same as for the Dickey–Fuller test but it is 

applied to the model: 

∆𝑦𝑡 = 𝛼 + 𝛽𝑡 + 𝛾𝑦𝑡−1 + 𝛿1∆𝑦𝑡−1 + ⋯+  𝛿𝑝−1∆𝑦𝑡−𝑝+1 + 휀𝑡  

where α, is a constant, βthe coefficient on a time trend and ρthe lag order of the 

autoregressive process. 

The Augmented Dickey–Fuller (ADF) statistic, used in the test, is a negative number. The 

more negative it is, the stronger the rejection of the hypothesis that there is a unit root at some 

level of confidence (Elliott et al, 1996). 

3.3.2 KPSS Test 

The ADF unit root tests is for the null hypothesis that a time series is I(1). Stationarity tests, 

on the other hand, are for the null that a time series is I(0). The most commonly used 

stationarity test, the KPSS test, short for, Kwiatkowski-Phillips-Schmidt-Shin (KPSS), is due 

to Kwiatkowski et al. (1992).  

In other word, the KPSS test is a type of Unit root test that tests for the stationarity of a given 

series around a deterministic trend. In other words, the test is somewhat similar in spirit with 

the ADF test. A basic difference of the test from ADF test is the null hypothesis of the KPSS 

test is that the series is stationary. So practically, the interpretation of p-value is just the 

opposite to each other. That is, if p-value is less than the significance level, then the series is 

non-stationary whereas in ADF test, it would mean the tested series is stationary. 

Kwiatkowski et al. (1992) derive their test by starting with the model 

(5) 

(4) 
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where yt is the time series, Dt contains deterministic components (constant or constant plus 

time trend), tu  is I(0) and may be heteroskedastic, t  is a pure random walk with innovation 

variance 2

 . The null hypothesis that yt is I(0) is formulated as 2

0 : 0,H    which implies that

t is constant.  

The KPSS test statistics is the Lagrange Multiplier (LM) or score statistics for testing 2 0   

against the alternative that 2 0   and is given by 
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 ˆ

tu  is the residual of a regression of yt on Dt  and 2̂  is a consistent 

estimate of the long-run variance of tu  using ˆ
tu (Kwiatowski et. al,1992). 

3.4 Volatility Test 

Let t t ta r    be the residuals of the mean equation. The squared series 2

ta  is then 

used to check for conditional Heteroscedasticity, which is also known as ARCH effect. Two 

tests are available. The first is to apply the usual Ljung-Box Statistics  Q m  to the 2

ta  

series. The null hypothesis is that the first m lags of ACF of the  2

ta  series are zero; see 

(Tsay, 2005). The second test for conditional Heteroscedasticity is the Lagrange Multiplier 

test of Engle (1982). This test is equivalent to the usual F-test for testing 0i  , 𝑖 = 1,… ,𝑚 

in the linear regression 

2 2 2

0 1 1 ....t t m t m ta a a        ,  1, ,t m T  K  

 where t  denotes the error term, m is a prespecified positive integer, and T is the sample 

size. Specifically, the null hypothesis is 0 1: 0mH    K . 

Let  
2

2

0

1

T

t

t m

SSR a 
 

   , where 2

1

1 T

t

t

a
T




 
  
 

  is the sample mean of 2

ta , and 2

1

1

ˆ
T

t

t m

SSR 
 

  , 

where ˆ
t  is the least square residual of the prior linear regression, then we have 

 

 

0 1

1

,

2 1

SSR SSR
mF

SSR
T m





 

 

which is asymptotically distributed as chi-square distribution with m degree of freedom under 

the null hypothesis. The decision is to reject the null hypothesis if  2

mF   , where  2

m   

is the upper  100 1
th

  percentile of the 2

m , or the p-value of F is less than . Another 

statistic computed by multiplying the number of observations (n) by the coefficient of 

(7) 

(6) 
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determination (R
2
) obtained from regression of equation (2) is also used. The statistics (nR

2
) 

is similarly chi-square distributed 2

m  with m degrees of freedom which equals the number of 

autoregressive terms in equation (2). 

3.3 ARCH-type Models 

The literature dealing with volatility modelling of Financial Time Series has 

significantly increased and more sophisticated techniques are widely used today. The general 

concept that has been proven to work better over high-frequent Time Series in financial 

markets is Generalized Autoregressive Conditional Heteroscedasticity models (GARCH) and 

their modifications (such as GARCH-M, GJR-GARCH, TGARCH, EGARCH etc.). Initially, 

the Autoregressive Conditional heteroscedasticity (ARCH) model was introduced by Engle 

(1982) and then this model was further modified in the seminal work of Bollerslev (1986), 

which gained popularity in research of Financial Time Series.  

 The basic idea of ARCH models is that (a) the shock at of an asset return is serially 

uncorrelated, but dependent; and (b) the dependence of at can be described by a simple 

quadratic function of its lagged values. The model suggests that the variance of the residuals 

at time t depends on the square of error terms form past periods hence the variance is not 

constant. Engle simply suggested that it is better to simultaneously model the mean and the 

variance of a series when we suspect that the conditional variance is not constant. Let rt 

denote the observed financial data series; in our case, these are the log returns of the oil prices 

of the equation (1). Then, ARCH model can be specified as: 

t t t tr      

2 2

0

1

q

t i t i

i

    



   

where t  denotes the conditional mean and t  denotes a volatility process, 2

t i 
 is an ARCH 

term,
1

0 1
q

ii



   for a stationary series and as 

1
1

q

ii



  it means the series exhibits 

slow mean reverting, while as 
1

0
q

ii



  means fast mean reverting. All of the ARCH-type 

models used follow the above specification in (8); however, in each case, the volatility 

process t  is different. 

3.3.1 Symmetric Models 

Bollerslev (1986) generalized Engle‟s model to make it more realistic; the 

generalization was called “GARCH”. This model assumes that the conditional variance is a 

deterministic linear function of past squared innovations and past conditional variances. On 

the basis of the extension, the mean equation remains the same as equation (8) and the 

variance equation is given as 

2 2 2

1 1

p q

t i t i j t j

i j

      

 

     

where 0, 0, 0i j      and the innovation sequence i i





is independent and identically 

distributed with  0 0E    and  2

0 1E   .  

(8) 

(9) 

(10) 
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α is the magnitude effect and it is used to determine the presence or otherwise of 

volatility clustering. If α is positive, then volatility clustering is indicated. This implies 

positive correlation between conditional volatility and the absolute value of the standardized 

residuals. Where α is not statistically significant, then it is inconclusive (Miyakoshi, 2005; 

Olowe, 2009). 

The Stationarity of the equation (5) is
1 1

0 1
p q

i j

i j

 
 

    .The mean reverting process in the 

case of GARCH model is
1 1

1
p q

i j

i j

 
 

    then the model exhibits slow mean reverting, 

while as
1 1

0
p q

i j

i j

 
 

    the model has fast mean-reverting.  

Also considered in this study is the GARCH-in-Mean (GARCH-M) model which 

allows the conditional mean to depend on its own conditional variance. Therefore, the 

GARCH-M model has the following form: 

2

1

p

t t i t i t t

i

r r   



     

The null and alternative hypotheses for the GARCH-M (1, 1) are 0 1: 0, : 0H H   . 

When the null hypothesis is rejected, then, the GARCH-M term is statistically significant and 

the model provides useful information for the volatility (i.e. it improves the estimates of the 

GARCH model).  

3.3.2 Asymmetric Models 

Indeed, in the basic GARCH model only squared residuals enter the conditional 

variance equation, therefore the signs of the residuals or shocks have no effect on conditional 

volatility. However, a stylized fact of financial volatility is that bad news (negative shock) 

tends to have a larger impact on volatility than good news (positive shocks). In other words, 

volatility tends to be higher in a falling market than in a rising market. Based on this 

conjecture, the asymmetric news impact on volatility is commonly referred to as leverage 

effect (Zivot, 2008). 

Nelson (1991) proposed a GARCH-class model named Exponential GARCH that 

allows for asymmetric effects and therefore solves one of the important shortcomings of the 

symmetric models. While the GARCH model imposes the nonnegative constraints on the 

parameters, EGARCH models the log of the conditional variance so that there are no 

restrictions on these parameters: 

   2 2

1 1 1

log log
p p q

t i t i
t i i j t j

i i jt i t i

 
     

 
 



   

       

𝜎𝑡
2 represents conditional variance while α, β and γ are the volatility parameters all as 

defined in equation (10). The leverage effect which is the asymmetric effect of past shock on 

the conditional variance is captured by γ which is usually negative. The implication of the 

negative sign on γ is that all things being equal, positive shocks generate less volatility than 

negative shocks (Olowe, 2009).  

(12) 

(11) 
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However, the presence of leverage effect can be tested by the hypothesis that 0.   if 

the asymmetric effect is present ( )0    implying that negative (positive) shocks increase 

volatility more than (negative) positive shocks of the same magnitude while if 0   there is 

no asymmetric effect, and the model is therefore said to be symmetric.  

Volatility persistence is measured by the magnitude of β. The more the magnitude 

tends to 1 (unity), the more the persistent is the volatility (Miyakoshi, 2005). If β is low, 

volatility is not persistent, that is, it does not last, but smoothens out speedily. Where it is 

greater than 1, then volatility is explosive (Miyakoshi, 2005; Olowe, 2009). 

Another extension of the classic GARCH model that allows for leverage effects is the 

Threshold-ARCH. The idea of the Threshold-ARCH (or TARCH) model is to divide the 

distribution of the innovations into disjoint intervals and then approximate a piecewise linear 

function for the conditional standard deviation. Rabemananjara and Zakoian (1993) extend 

this preliminary Threshold model by including the lagged conditional standard deviations 

(variance respectively) as a regressor, which is known as the TGARCH model. They also 

give conditions for covariance-stationarity in their study. TGARCH is therefore estimated 

with the following variance equation: 

2 2 2 2

1 1 1

p p q

t i t i i t i t i j t j

i i j

S          

  

       

for 0i  , 0j  , 0  , and 0  , :where  

1 0

00

t i

t i

t iS if














 


 

The Glosten-Jagannathan-Runkle GARCH (GJR-GARCH) developed by Glostenet.al 

(1993) also models asymmetry in the GARCH process. The conditional variance equation is 

2 2 2 2

1 1

p q

t i t i i t i t i j t j

i j

I          

 

      

 for 0i  , 0j  , 0  , and 0  , where: 

1t iI    if 0t i    and 0t iI    if 0t i   . 

GJR-GARCH model is an asymmetric version of the Standard GARCH model that 

reflects the asymmetric nature of investor response to stock and index returns and leads to 

positive and negative shocks having different effects on the conditional volatility. i  

represents an asymmetry parameter. A positive shock will increase volatility by i  at t; a 

negative shock will increase volatility by i i   at t.  

The persistence depends on this parameter through k    , where k denotes the 

expected value of the standardized residuals. 

Another well-known asymmetric GARCH-family model considers in this study is the 

PGARCH (Power GARCH) developed by Ding et al. (1993). The model they proposed 

(PGARCH (p, d, q)) has the following variance equation:  

(13) 

(14) 
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1 1

p q
dd d

t i t i i t i j t j

i j

         

 

      

for 0i  , 0j  , 0  , and 0  , where d is a positive coefficient and i  represents 

leverage effects as in equation (12). 

When d =2, the equation (10) becomes a classic GARCH model that allows for 

leverage effects and when d =1 the conditional standard deviation will be estimated.  

3.4 Information Criterion 

 The Akaike Information Criteria due to Akaike (1974) defined by: 

 ˆ2 lnAIC k L   

where k denotes the number of unknown parameters,   the vector of the unknown 

parameters and ̂  their maximum likelihood estimates; 

 The Bayesian Information Criteria due to Schwarz (1978) defined by: 

 ˆln 2 lnBIC k n L    

where n denotes the number of observations 

 The Hannan-Quinn Criteria due to Hannan and Quinn (1979) defined by: 

 ˆ2ln 2 lnHQC L k n     

The smaller the value of these criterions the better the fitness. 

 

RESULTS AND DISCUSSIONS 

4.1  Introduction 

In the empirical analysis of this work, the popularly known Statistical computing package R 

version 3.4.2 and its suit Studio were used. In particular, three different Financial Time Series 

computation packages: tseries; fGARCH; and RUGARCH were used. In the analysis, certain 

conditions were taken into considerations and this incorporates the pattern as shown by the 

variable of the study which is the Monthly Time Series of Nigerian crude oil prices. These 

include: Time Series Plots; Descriptive Statistics; Normality Test; Unit root or Stationarity 

Test; ARCH effects Test; Parameters Estimation. In the estimations Phase, two Symmetric 

GARCH models and four Asymmetric GARCH models in its three error distributions 

(normal error distribution; student‟s t error distribution; and Generalized Error Distribution) 

assumptions were estimated. Furthermore, the Log-likelihood function and two information 

criterions which are the Akaike Information Criteria (AIC) and Bayesian Information Criteria 

(BIC) were used to evaluate and compare the performances of the estimated models as well 

as the three error distribution assumptions. 

 

 

 

 

 

 

(15) 

(16) 

(17) 

(18) 
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4.2  Time Series Plots 

 

Figure 4.1: Time Plot of Monthly Nigerian Crude Oil Price Series from January, 1982 to 

March 2019. 

Figure 4.1 is a Time Series plot of the Nigerian monthly crude oil price series (USD/barrel). 

The figure illustrates the behaviour of the oil price from January, 1982 to April, 2019, it 

indicates an upward trend i.e. the series contains trend components. In order to remove the 

trend components, percentage log-return of the series were taken and plotted in Fig 4.2. 

According to Tasi‟u et. al. (2014) and Hussaini et. al. (2015), the series (log return series) are 

preferred in analysis of financial Time Series because they have attractive statistical property 

which is Stationarity. The log-return series plot (Fig 4.2) clearly shows an evidence of 

volatility clustering and exhibits sharp increase with a corresponding decrease. This reveals 

that the Nigerian crude oil price return series has not been stable within the sample period of 

this study. 
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Figure 4.2: Time Plot of Monthly Nigerian Crude Oil Price Return Series from January, 

1982 to March 2019. 

4.3  Descriptive Statistics 

Table 4.1 presents the summary statistics for the Nigerian monthly crude oil price return 

series form January 1982 to March 2019. The summary reveals a total return of 2.48 USD per 

barrel and a minimum and maximum value of -0.27 and 0.6 respectively. This shows that the 

returns of Nigerian crude oil price neither go below -27.00% nor above 60.00% within the 

sample period. The statistics also reveals a positive mean of 0.005 (meaning its mean 

reverting) and a standard deviation of 0.089249 which measures the riskiness of the return 

series. Meanwhile, the 8.92% difference between the minimum and maximum return series is 

clear evidence of the level of price variability in fairness to trading in crude oil market within 

the sample period.  

Table 4.1: Summary Statistics of the Nigerian Crude Oil Price 

Returns from January, 1982 to March 2019. 

No. observations 448 

Sum 2.48 

Minimum -0.27 

1
st
 Quartile -0.04 

Median 0.005 

3
rd

 Quartile 0.06 

Maximum 0.6 

Mean 0.005536 

Variance 0.007965 

Standard Deviation 0.089249 

Skewness 0.610987 

Kurtosis 5.099451 
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Furthermore, the positive value of skewness (0.610987) means that the return series is 

positively skewed relative to zero skewness of normal distribution and this indicates that the 

series are non-symmetric. Finally, a large value of kurtosis of 5.099451 is calculated. This is 

larger than the kurtosis of normal distribution. Thus, the coefficients of skewness and kurtosis 

indicates that distribution of the Nigerian monthly crude oil price return series is non-normal 

and is leptokurtic i.e., it exhibits heavy-tail distribution (and this is verified in the next sub-

section by some normality tests). 

4.4  Normality Test 

To furthers check or verify the non-normality observed from the descriptive statistics, Table 

4.2 presents three different normality tests which are: Kolmogorov-Smirnov one-sample test; 

Shapiro-Wilk Normality Test; and Jarque-Bera Normality Test. 

Table 4.2: Normality Test Results of the Nigerian Monthly Crude Oil Price Return 

Series 

Test Test Statistics P-value 

One-sample Kolmogorov-Smirnov Test 0.3902 < 2.2e-16 

Shapiro-Wilk Normality Test 0.952 6.911e-11 

Jarque-Bera Normality Test 499.8487 < 2.2e-16 

 

For all the three tests, the test statistics are consider to be higher with their corresponding 

small p-values and therefore the hypothesis of normality is rejected and therefore concludes 

that the oil price return series are not normally distributed. 

4.5  Unit Root (Stationarity) Test 

To investigate whether the oil price return series has unit root or not i.e. to verify further the 

Stationarity revealed by Figure 4.2, two statistical tests, Augmented-Dickey Fuller (ADF) test 

and KPSS test were applied on the series to test the hypothesis of the presence of unit-root 

and the hypothesis of Stationarity respectively. The results of the two tests were presented in 

table 4.3. The ADF test shows a test statistic of -8.7391 which in absolute is greater than both 

the critical values -3.96 and -3.14 at 1% and 5% significance levels respectively, and the 

corresponding p-value is relatively smaller at 5% level of significance. So, the hypothesis of 

the presence of unit-root is rejected and thereby concludes the absence of unit-root in the oil 

price return series. Likewise, the KPSS test statistics (0.10055) is less than both the critical 

values 0.216 and 0.146 at 1% and 5% level of significance respectively. Hence the null 

hypothesis of Stationarity is accepted and thus concludes that the return series is stationary. 

Table 4.3: Stationarity Test Results of the Nigerian Monthly Crude Oil Price 

Return Series 

 

Augmented Dickey-Fuller Test 

Dickey-Fuller Statistics: -8.7391 

Lag Order: 7 

p-value: 0.01 

 

KPSS Test 

KPSS Statistics: 0.10055 

Truncation Lag Parameter: 5 

p-value: 0.1 
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4.6 Tests for ARCH Effect (Volatility Test) 

Table 4.4 indicated the existence of ARCH effect in the log-return series of the Nigerian 

Crude Oil Price specified in equation (1) at 1% level of significance for the first order 

autoregressive process. 

Table 4.4: ARCH-LM Test Results for the Nigerian Monthly Crude Oil Price 

Return Series 

Test Statistics p-value 

F-test 84.44067 0.0000 

nR
2
 83.49425 0.0000 

 

4.7 Models Estimation 

Table 4.5: Parameters Estimation Results of the First Order Symmetric GARCH Model 

Assuming Three Different Error Distributions. 

GARCH (1, 1) Model 

N
o
rm

a
l 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 Coefficient Estimate Std. Error p-value 

ω 0.000399 0.000367 0.27707 

α1 0.405248 0.066849 0.00000 

β1 0.593752 0.076850 0.00000 

Persistence: 0. 9999998 

S
tu

d
en

t’
s 

t 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω 0.000311 0.000252 0.216825 

α1 0.350413 0.072308 0.000001 

β1 0.648587 0.067545 0.000000 

Persistence: 0. 9999998 

G
en

er
a
li

ze
d

 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω 0.000363 0.000323 0.26173 

α1 0.382255 0.072835 0.000000 

β1 0.616745 0.075279 0.000000 

Persistence: 0. 9999998 
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Table 4.6: Parameter Estimation Results of the First Order Symmetric GARCH –M 

Model Assuming Three Different Error Distributions. 

GARCH -M(1, 1) Model 
 Coefficient Estimate Std. Error p-value 

N
o
rm

a
l 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 μ -0.012875 0.006904 0.062213 

ARCHM 0.248042 0.107158 0.020628 

ω 0.000343 0.000299 0.251362 

α1 0.385257 0.061882 0.0000 

β1 0.613743 0.064671 0.0000 

Persistence: 0. 9999998 

S
tu

d
en

t’
s 

t 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 μ -0.012547 0.006565 0.055975 

ARCHM 0.252439 0.103601 0.014824 

ω 0.000266 0.000205 0.193259 

α1 0.335739 0.064918 0.0000 

β1 0.663261 0.057122 0.0000 

Persistence: 0.9999998 

G
en

er
a
li

ze
d

 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 μ -0.012120 0.006684 0.069784 

ARCHM 0.240916 0.103841 0.020339 

ω 0.000306 0.000259 0.237372 

α1 0.362293 0.065931 0.0000 

β1 0.636707 0.063045 0.0000 

Persistence: 0. 9999998 

 

Tables 4.5 and 4.6 provide the estimates of the standard first order symmetric GARCH and 

GARCH-M models. The results of the two symmetric models reveals that all the ARCH and 

GARCH coefficients (α1‟s and β1„s) under the three error distribution assumptions are 

statistically significant at 1% significance level. This evidently confirmed the presence of 

ARCH effects and this support the fact that the previous month‟s oil price information can 

actually influence the present month oil price return. In other language, the crude oil price 

volatility is influence by its own ARCH and GARCH. Also, the results in the symmetric 

GARCH (1,1) and GARCH-M(1,1) shows that the persistence or the degree of effect is the 

same across all the three distribution assumptions and is 0.9999998 which is very close to 1, 

this means that both the two models are mean reverting, and their volatility persistence is 

very high. In addition, the ARCHM term is statistically significant, and this shows that the 

GARH-M model provides useful information for the volatility and hence improves the 

estimates of the standard GARCH model. 

Tables 4.7, 4.8, 4.9 and 4.10 provide the estimates of the first order asymmetric models 

considered in this study. These are the EGARCH (1, 1) model; TGARCH (1, 1) model; GJR-

GARCH (1, 1) model; and the APARCH (1, 1) model. Similarly, three error distributions 

assumptions are considered when estimating each model. They are the normal distribution; 

student‟s-t distribution; and Generalized Error Distribution. 

The EGARCH(1,1) model estimation as presented in Table 4.7 shows that all the coefficient 

of the ARCH(α‟s) terms has negative signs and are statistically significant at 5% level of 

significance and this means that there exist the presence of ARCH and leverage effect. Hence 

this means that bad news has more impact on the volatility of the return series than the good 

news. Similarly, all the asymmetric effect terms have negative signs but are not statistically 

significant at 5% level of significance due to their large p-value and this reveals that negative 
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shocks reduce the volatility of the oil price return series than the positive shocks of the same 

magnitude whereas leverage effects are considered necessary on the basis of EGARCH (see 

Abdulhakeem et al., 2016). 

Furthermore, the sum of ARCH and GARCH coefficients otherwise refers to persistence are 

very close to unity i.e. EGARCH(1,1) in normal error distribution (0.9052395), 

EGARCH(1,1) in student‟s-t error distribution (0.9166555) and EGARCH(1,1) in 

Generalized Error Distribution (0.9089634), and this invariably means they are all mean 

reverting in nature. Also this means the degree of shocks are permanent at 90.53%, 91.67% 

and 90.90% of persistence respectively. This also implies that using EGARCH(1,1) model in 

modelling volatility within the present sample period EGARCH(1,1) in student‟s-t error 

distribution has the highest volatility persistence follow by EGARCH(1,1) in Generalized 

Error Distribution and then in normal error distribution. 

Table 4.7: Parameters Estimation Results of the First Order Asymmetric EGARCH 

Model in Three Different Error Distributions. 

EGARCH (1, 1) Model 

N
o
rm

a
l 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 Coefficient Estimate Std. Error p-value 

ω -0.473947 0.185272 0.010524 

α1 -0.041939 0.057438 0.000022 

β1 0.905239 0.035891 0.000000 

γ1 -0.689110 0.103841 0.465290 

Persistence: 0.9052394 

S
tu

d
en

t’
s 

t 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω -0.427642 0.173905 0.013930 

α1 -0.072320 0.052217 0.000012 

β1 0.916655 0.033548 0.000000 

γ1 -0.581900 0.102121 0.166053 

Persistence: 0.9166555 

G
en

er
a
li

ze
d

 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω -0.465368 0.190762 0.014707 

α1 -0.052722 0.058603 0.000088 

β1 0.908963 0.036825 0.000000 

γ1 -0.644493 0.110693 0.368305 

Persistence: 0.9089634 

 

In the case of first order TGARCH (1, 1) model, Table 4.8 reveals that all the ARCH(α‟s) and 

the GARCH(β‟s) coefficients in all the three error distribution assumptions are statistically 

significant and the leverage effects (γ1) are positive and significant attesting that bad news 

increase volatility. Also, TGARCH (1, 1) in student‟s-t distribution has the highest value of 

Log likelihood followed by the TGARCH (1, 1) and then TGARCH (1, 1) in GED. 

Regarding the persistency results in the table, TGARCH (1, 1) in normal error distribution 

(0.9660192), TGARCH (1, 1) in student‟s-t error distribution (0.9560145) and TGARCH (1, 

1) in Generalized Error Distribution (0.9548477) are all mean reverting in nature. Also, this 

means the degree of shocks are permanent at 96.60%, 95.60% and 95.48% of persistence 

respectively.  
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Table 4.8: Parameters Estimation Results of the First Order Asymmetric TGARCH 

Model in Three Different Error Distributions. 

TGARCH (1, 1) Model 
N

o
rm

a
l 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 Coefficient Estimate Std. Error p-value 

ω 0.004347 0.002162 0.044384 

α1 0.338834 0.049922 0.000000 

β1 0.695669 0.044401 0.000000 

γ1 0.134298 0.090899 0.013955 

Persistence: 0.9660192 

S
tu

d
en

t’
s 

t 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω 0.004319 0.002193 0.048898 

α1 0.300104 0.052694 0.000000 

β1 0.722153 0.047436 0.000000 

γ1 0.156832 0.098784 0.011237 

Persistence: 0.9560145 

G
en

er
a
li

ze
d

 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω 0.004573 0.002335 0.050117 

α1 0.322215 0.054088 0.000000 

β1 0.703385 0.051047 0.000000 

γ1 0.132189 0.100456 0.018821 

Persistence: 0.9548477 

 

Table 4.9: Parameters Estimation Results of the First Order Asymmetric GJR-

GARCH Model Assuming Three Different Error Distributions. 

GJR-GARCH (1, 1) Model 

N
o
rm

a
l 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 Coefficient Estimate Std. Error p-value 

ω 0.000389 0.000383 0.30915 

α1 0.356118 0.085371 0.00003 

β1 0.604484 0.082000 0.00000 

γ1 0.076795 0.102211 0.04524 

Persistence: 0. 9999998 

S
tu

d
en

t’
s 

t 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω 0.000295 0.000247 0.231861 

α1 0.262674 0.083643 0.001687 

β1 0.671707 0.066513 0.000000 

γ1 0.129239 0.094468 0.017129 

Persistence: 0. 9999998 

G
en

er
a
li

ze
d

 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω 0.000349 0.000328 0.287288 

α1 0.317238 0.090938 0.000486 

β1 0.632908 0.078499 0.000000 

γ1 0.097708 0.104067 0.034778 

Persistence: 0. 9999998 

 

The results in Table 4.9 reveals that all the estimates of ARCH and GARCH coefficients of 

first order GJR-GARCH model under the three error distributions have positive signs and are 

statistically significant and this implies the presence of ARCH and leverage effects. This also 

means that negative news has more impact on the volatility of return than the positive news. 

Also, the table shows that all the three asymmetric terms have positive signs (0.076795, 

0.129239, and 0.097708) but are statistically insignificant at 5% level of significance, and 

this also indicates the existence of leverage effect. The sum of the ARCH and GARCH terms 
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i.e., the persistence or the degree of effect is the same across all the three distribution 

assumptions and is 0.9999998 which is very close to 1, this means that the GJR-GARCH (1, 

1) models are mean reverting, and their volatility persistence may be only temporary. This 

shows similar persistency in the first order symmetric models above.  

Table 4.10: Parameters Estimation Results of the First Order Asymmetric 

APARCH Model Assuming Three Different Error Distributions. 

APARCH (1, 1) Model 

N
o
rm

a
l 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 

Coefficient Estimate Std. Error p-value 

ω 0.001344 0.002241 0.548751 

α1 0.399677 0.094045 0.000021 

β1 0.663687 0.060682 0.000000 

γ 1 0.089673 0.088232 0.030947 

Δ 1.374124 0.471560 0.003568 

Persistence: 0. 9999998 

S
tu

d
en

t’
s 

t 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω 0.001969 0.002792 0.480660 

α1 0.327556 0.073612 0.000009 

β1 0.708713 0.054386 0.000000 

γ 1 0.134399 0.095269 0.015832 

Δ 1.254571 0.405539 0.001978 

Persistence: 0.9721282 

G
en

er
a
li

ze
d

 

E
rr

o
r 

D
is

tr
ib

u
ti

o
n

 ω 0.001788 0.002812 0.524936 

α1 0.363885 0.087910 0.000035 

β1 0.684524 0.060230 0.000000 

γ 1 0.107729 0.095373 0.025866 

Δ 1.291822 0.448482 0.003971 

Persistence: 0.9797311 

 

The estimation of first order APARCH as shown in Table 4.10 indicate that all the ARCH 

and GARCH coefficients in the model has positive sign and are statistically significant. This 

reveals that the model has ARCH and leverage effect. Hence, we can say that there exist 

negative correlation between the current return of the series and future volatility. Also this 

shows that negative news have more impact on the volatility of return than positive news. 

Moreover, all the asymmetric terms have positive signs (0.089673, 0.134399, and 0.107729) 

but are not statistically significant thus this confirmed the fact that there are exists leverage 

effect. The sum of ARCH and GARCH terms estimated at 0.9999998, 0.9721282 and 

0.9797311 assuming normal error distribution, student‟s-t error distribution and Generalized 

Error Distribution respectively. These indicates that the models are mean reverting with 

persistence shocks, and the degrees of volatility persistence are in the order APARCH(1,1) 

normal error distribution (99.9%), APARCH(1,1)  GED (97.97311%), and APARCH(1,1) 

student‟s-t error distribution (97.21282%) 

 

4.8 Model Selection 

Table 4.11 presents Log likelihood function and two information criterions namely, Akaike 

Information Criteria (AIC), Bayesian Information Criteria (BIC) for the estimated symmetric 

and asymmetric models.  
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The table shows that the asymmetric EGARCH model in Student‟s-t distribution has the 

highest log-likelihood function value of 510.2045 and has the smallest values of -2.250913 

and -2.195938 for AIC and BIC respectively. This indicates that it is the best model in 

explaining conditional volatility or to say has the best specifications for explaining NCOP 

conditional volatility. 

Furthermore, in all the cases, the models assuming Student‟s-t distribution have the highest 

log-likelihood values followed by those in GED and then that of Normal Error Distribution. 

Similarly looking at the two information criterion, the models in student‟s-t distribution have 

the smallest value of AIC and BIC followed by GED and lastly Normal distribution. 

Accordingly, this leads to having eliminated the restrictive assumption that the error terms 

follow a normal distribution and thus we assume the residuals follow successively a 

student‟s-t distribution and also a GED, two of the distributions capable of incorporating “fat 

tails” usually present in empirical distributions. 

Table 4.11: Log Likelihood Function, AIC And BIC of the Estimated Models Under 

Three Error Distributional Assumptions. 

 Information Criteria 

Model Error Distribution Log likelihood AIC BIC 

 

GARCH(1,1) 

Normal Error 501.4093 -2.220577 -2.183927 

Student‟s t 505.4635 -2.234212 -2.188400 

GED 503.4502 -2.225224 -2.179412 

 

GARCH-M(1,1) 

Normal Error 504.3226 -2.229119 -2.183306 

Student‟s t 508.5993 -2.243747 -2.188772 

GED 506.226 -2.233152 -2.178177 

 

EGARCH(1,1) 

Normal Error 506.4294 -2.238524 -2.192712 

Student‟s t 510.2045 -2.250913 -2.195938 

GED 507.9232 -2.240729 -2.185754 

 

TGARCH(1,1) 

Normal Error 503.59 -2.225848 -2.180036 

Student‟s t 507.9339 -2.240776 -2.185801 

GED 505.59 -2.230313 -2.175338 

 

GJR-GARCH(1,1) 

Normal Error 501.6895 -2.217364 -2.171551 

Student‟s t 506.3495 -2.233703 -2.178728 

GED 503.8777 -2.222668 -2.167694 

 

APARCH(1,1) 

Normal Error 504.0357 -2.223374 -2.168399 

Student‟s t 508.1732 -2.237380 -2.173243 

GED 505.8575 -2.227042 -2.162905 

 

4.9 Post-Estimation Analysis 

Recall that the pre-estimation test confirms the existence of ARCH effects in the crude oil 

price necessitating the estimation of different volatility models as presented above. As a 

follow up on this, the parameter estimates of the best selected model above (EGARCH 

model) together with the ARCH-LM test that investigate any sign of the heteroscedasticity 

left in the residual are presented in table 4.12. 

The results of the ARCH-LM test revealed test statistics of 0.1081, 3.2096 and 4.7041 at lag 

[3], lag [5], and lag [7] respectively. For all the three test statistics their respective p-values of 

0.7424, 0.2608, and 0.2562 indicates that the test statistics are not significant. Therefore, the 
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null hypothesis of the ARCH-LM test is accepted, and we concluded that there are no more 

ARCH effects in the residuals. Thus, the ARCH-LM test result validates the 

homoscedasticity assumption and attests that the volatility model is correctly specified. 

Consequently, this further authenticates the theoretical literature that ARCH/GARCH models 

are suitable for dealing with volatility in oil price market. 

Table 4.12: Parameters Estimation of the best model selected (EGARCH Model 

assuming Student’s error distribution)and ARCH-LM Test on its residuals. 

Parameters Estimation 

Coefficient Estimate Std. Error p-value 

ω -0.473947 0.185272 0.010524 

α1 -0.041939 0.057438 0.000022 

β1 0.905239 0.035891 0.000000 

γ1 -0.689110 0.103841 0.465290 

Weighted ARCH-LM Test on Residuals 

 Statistics Shape Scale p-value 

ARCH lag [3] 0.1081 0.500 2.000 0.7424 

ARCH lag [5] 3.2096 1.440 1.667 0.2608 

ARCH lag [7] 4.7041 2.315 1.543 0.2562 

 

4.10 Conclusions 

Adding up, the results in this study confirm previous findings in the literature that return 

series are uncorrelated in time, but they present the phenomenon of volatility clustering, and 

that the ARCH/GARCH models are suitable for dealing with volatility in oil price market. In 

addition, we can report that GARCH models with normal errors are not capable to fully 

capture the leptokurtosis in empirical Time Series, while student‟s t distribution and GED 

provides a better description for the conditional volatility. Finally, the asymmetric effects are 

indeed present in empirical data and the asymmetric GARCH models perform better than the 

symmetric GARCH model in explaining conditional volatility. 

4.11 Recommendations 

Based on the findings of this study, it recommends that more credence may be given to 

asymmetric models for modelling oil price volatility, and that investors to react to bad news 

than good news. Moreover, the Nigerian economy is vulnerable to oil price shocks, and thus 

fluctuations in oil price bring about instabilities in the economy of the country, therefore it‟s 

also recommended that the Nigerian economy be diversified by revamping other sectors such 

as the Agricultural and Manufacturing sectors to reduce over-dependence on the oil sector.  
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