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Abstract 
The most appropriate heteroskedastic models for predicting volatility of daily 
stocks prices of 10 major Nigerian banks are proposed. The banks are Access, 
United Bank for Africa (UBA), Guaranty Trust, Skye, Diamond, Fidelity, Sterling, 
Union, ETI and Zenith banks; and these are examined from 2004 to 2014. The 
models employed are Autoregressive Conditional Heteroscedastic (ARCH(1)), 
Generalized Autoregressive Conditional Heteroscedastic (GARCH(1, 1)), Ex-
ponential Generalized Autoregressive Conditional Heteroscedastic (EGARCH(1, 
1)) and Glosten, Jagananthan and Runkle-Generalized Autoregressive Condi-
tional Heteroscedastic (GJR-GARCH(1, 1)). The results show that all the 
bank returns are highly leptokurtic, significantly skewed and thus non-normal 
across the four periods except for Fidelity bank during financial crises; find-
ings similar to those of other global markets. Also noticed is the strong evidence 
for the presence of heteroscedasticity, and that volatility persistence during cri-
sis is higher than before the crisis across the 10 banks, with that of UBA tak-
ing the lead, about 11 times higher during the crisis. The same with persistence 
levels in volatility, which were relatively higher during financial crises across 
the ten banks compared to before the crises. Findings further indicate that 
Asymmetric GARCH models outperformed the symmetric GARCH models, 
especially during the financial crises and post the crises. Thus with these find-
ings, one could generally conclude that Nigerian banks’ returns are volatility 
persistent during and after the crises, and are characterized by leverage effects 
of negative and positive shocks during these periods. 
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1. Introduction 

Modelling volatility dynamics are central to many issues such as: credit spreads 
derivative prices, leverage ratios, and portfolio theories in financial markets. Vo-
latility is a measure of liquidity in the market [1] because to (risk-averse) inves-
tors, high volatility is associated with high risks in investment thereby forcing 
investors to move funds to less risky assets. [1] notes that the presence of appar-
ent spikes in volatility and large movements in asset prices due to financial crises 
makes estimation of volatility and volatility dynamics difficult (or challenging) 
as against the periods of low market volatility when estimating and understand-
ing volatility dynamics becomes relatively easy. However in recent times, series 
of financial crunch experienced across the global markets negatively impacted 
market volatility and foreign investors’ chances of diversifying their investments. 

The 2007-2009 global financial crisis which has its root from the sub-prime 
mortgage lending in the United States of America (USA) spread rapidly and sys-
temically across developed and emerging markets in an unprecedented manner 
in the global financial crises history not seen since the early 1930s. Usually due 
to financial crisis, stock market volatility rises very high due to a heavy drop in 
stock prices across global markets; with the effects on the emerging markets re-
maining heavy and persistent [2]. Due to contagion, a strongly volatile market 
characterised by negative returns would naturally impact any known financial 
market running an open economy. According to several studies, stock market vo-
latility rose after the global financial meltdown across various markets of both 
developed and emerging economies [3] [4] [5] [6]. According to [4], volatility 
went up at the time of financial meltdown but dropped shortly after the period 
of crisis. Given these findings, it is then imperative to examine how much impact 
the 2007-2009 global financial crisis had on the Nigerian capital market, partic-
ularly the banking industry. 

Our interest on the banking sector is premised on the role banks play in any 
economy and that they are always at the centre of any crisis to such an extent 
that when hit by the crisis without prompt action the entire economy is set at 
risk. Moreover in the Nigerian situation, this sector has gone through a series of 
financial reforms in recent times, some of which were initiated due to the failure 
of most of the banks to meet their capital adequacies and lack of corporate go-
vernance amidst other inefficiencies in their operations. The Nigerian economy 
was shielded away from the first round effects of the 2007-2009 global financial 
crises due to strong control and monitoring by the Central Bank of Nigeria (CBN) 
and the federal government of the economy in general. 

However, the spillover effects of the second round effects of these crises which 
hit the capital market leading to the market crash forced the relevant regulatory 
bodies to initiate another financial reform, much of which was focused on the 
Nigerian banks due to heavy dependence of some of these banks on the stock 
market and the oil & gas industries in 2009 [7]. 

The question is how much these crises and various financial reforms had 
shaped the Nigerian banks in terms of the stock volatility in their equity returns 
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over the periods of this study? It is hoped to identify what level of persistence in 
volatility was experienced by each of these banks and which of the ARCH/GARCH 
family models would best describe patterns of volatility witnessed across the vari-
ous periods of the indicated scenarios. 

Modelling stock volatility is indeed challenging given the stylized facts cha-
racterising financial data; among which non-linearity and time-varying behaviour 
of the asset variance (and covariance) have been found to have made the conven-
tional (or linear) econometric models unfit for empirical situations (see: [8]-[13]). 
This necessitated the development of the heteroscedastic family of econometric 
models first developed by [8] and [9]. 

Other papers have studied similar aspects of volatility. For example, [14] and 
[15], examine the impact of arrival rates of trading information on the volatility;  
[16] investigates the impact of calendar time scale on the volatility; [17] establishes 
that market crashes lead to significant negative skewness in stock returns; [13], ap-
ply GARCH models to capture non-linearity in financial data; [18] examine ef-
fects of United States (US) sub-prime housing problems on the Malaysia market 
volatility; the same with [19], but on the US stocks through S & P 500 index; [1] 
and [3] investigate the effects of the global financial crisis on both Czech Repub-
lic and Polish capital markets; and [5] apply the EGARCH model to India and 
Pakistan markets. 

In the light of the above, this research will generate useful findings that would 
significantly help relevant stakeholders in the Nigeria financial market, to iden-
tify the areas of concerns so that effective policies or strategies that would repo-
sition not only the banking industry but the entire market could be initiated. 

Besides the current section which covers the introduction and some relevant lit-
erature, the rest of the study is structured in such a way that Section 2 is dedicated 
to presenting the data, discussing the methodologies and study design adopted 
in addressing the objectives of the research. Section 3 presents and discusses the 
results of the analyses while Section 4 has the summary and conclusion on the 
findings of this research. 

2. Data Presentation and Methodology 
2.1. Data Presentation 

The data (obtained from http://www.cashcraft.com/), consist of daily closing stock 
prices of the ten banks making Nigerian Security Exchange (NSE)’s Banking in-
dex from August 2004 to May, 2014, covering the periods of financial crises and 
reforms in the industry. These banks are: Access, United Bank for Africa (UBA), 
Guaranty Trust, Skye, Sterling Bank, Diamond, Fidelity Bank, Union Bank Plc, 
Eco Bank and Zenith Bank. The periods considered in this research have how-
ever been divided into: 1) Overall Period: August, 2004 to May, 2014 and 2) Fi-
nancial Crisis Period: July 2007-June, 2009. 

The returns are generated from the stock prices using the formula:  

( ) ( ) ( )1 1log log logt t t t t tr R P P p p− −= = − = −                   (1) 
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where tR , is the simple return at time t, derived as: 1

1

t t
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P PR
P

−

−

−
= , tP  is the  

stock closing price at time t and 1tP−  closing price at time 1t − ; tr  is called 
geometric or continuously compounded return; used for analysing stock data, 

tp  is the log of price at time “t” and 1tp −  is the log of price at time “ 1t − ” pe-
riod preceding time “t”. 

Having generated returns from the daily closing prices of the stocks for each 
bank, both price and returns series are produced; subsequently, descriptive sta-
tistics of the series are obtained. Then stationarity tests are performed, followed 
by fitting Autoregressive Moving Average (ARMA) models. The residuals from 
these are examined for the presence of ARCH effect (or heteroscedasticity). Fi-
nally, an appropriate ARCH/GARCH family model is fitted to each of the series 
across the different epochs indicated above. 

2.2. Methodology 

Four mostly explored heteroscedasticity models in financial econometrics are 
discussed with some of their properties also highlighted. It could be recalled that 
financial data are subject to heavy tails, which is why these models are becoming 
popular in the field of econometrics. The Autoregressive Conditional Heteros-
cedastic (ARCH) family models according to [20] are adopted in modelling fi-
nancial data for a number of reasons which include simplicity and ease of ability 
to handle clustered errors and changes in the econometricians’ leverage to make 
predictions. 

2.3. ARCH(p) Model 

Suppose the return on a period “t” is expressed as:  

t tr µ ε= +                             (2) 

where “μ” stands for unconditional mean return for period “t”. 
Thus, ( )t trε µ= − , the shock of an asset return, it is serially uncorrelated but 

dependent and its dependence can be defined by a quadratic function of its 
lagged values [21]. 

Ordinarily, 

t t tzε σ=                              (3) 

where { }tz , stands for sequence of independent and identically distributed (iid) 
random variables, with mean ( ) 0tE z =   , [22] and variance ( ) 1tV z =   . For 
ARCH(1), the conditional volatility is computed from 

2 2
0 1 1t tσ α α ε −= +                          (4) 

Given that 0 0α >  and 10 1α< < , then Equation (4) is said to be positive 
and stationary  

The unconditional volatility for ARCH(1) can then be derived from Equation 
(4) as: 
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α
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−

                             (5) 

where 0α  is the long run volatility, 1α  is the coefficient of heteroscedasticity 
(or measure of ARCH effect). 

The unconditional Kurtosis for Equation (4) is then: 

( )2
1 2
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3 iff 3 1
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α

α

−
= > <

−
                     (6) 

2.4. GARCH(p, q) 

The GARCH process by [9] requires joint estimation of mean and the conditional 
variance equations under the assumption that the associated error term, ta , 
follows a normal process with zero mean and time-varying conditional variance.  
Again consider the mean equation: 

t tr µ ε= +  

Such that t t tzε σ= ; but for GARCH(1, 1), the volatility is: 
2 2 2

0 1 1 1 1t t tσ α α ε β σ− −= + +                       (7) 

Given that 0 1 10, 0, 0α α β> > >  and 1 1 1α β+ < ; then Equation (7) is both 
positive and covariance stationary. 

The unconditional expectation of Equation (7) is derived as: 

2 20

1 11tE ασ σ
α β

= =
− −

                        (8) 

The unconditional Kurtosis for Equation (8) could also be derived as: 

( )( )
( )

2
1 1 2 2

4 1 1 1 12 2
1 1 1 1

3 1
3 iff 3 2 1

1 3 2
k

α β
α α β β

α α β β

− +
= > + + <

− + +
        (9) 

1β  is the coefficient of the GARCH effect, 1α  is the parameter for ARCH ef-
fect while the sum ( )1 1α β+  represents a measure of volatility persistence. So 
when ( )1 1 1α β+ = , there is the presence of a unit root in the GARCH process, 
meaning shocks to volatility persist infinitely; there by resulting in a new process 
called the Integrated Generalized Autoregressive Conditional heteroscedastic 
(IGARCH) model. 

2.5. GJR GARCH 

The GJR-GARCH model is an extension of GARCH with a leverage parameter 
which allows for leverage effects in the returns and was developed by [23] to 
correct the limitation of the standard GARCH model of its inability to respond 
to past negative innovations differently from positive ones. 

Thus for GJR-GARCH(1, 1), the conditional volatility is 

2 2 2 2
0 1 1 1 1 1 1 1t t t t tIσ α α ε γ ε β σ− − − −= + + +                    (10) 

where 1tI −  (indicator parameter), is the leverage effect indicator parameter and 
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could be defined as: 

1
1

1

1, if 0 indicating bad news
0, if 0 indicating good news

t
t

t

I
ε
ε

−
−

−

<
=  ≥

 

From the model, the impact of good news on volatility is measured by iα , 
whereas bad news impact on volatility is determined by (α γ+ ). This means 
negative shock has a greater impact on subsequent volatility for, 1 0tε − < . News 
impact is asymmetric only if 0γ ≠ , but when 0γ >  it indicates a leverage ef-
fect is present. To satisfy non-negativity condition coefficients, 0 10, 0,α α≥ >   

1 0β ≥  and ( ) 0α γ+ > . The shock persistence is measured by 1 1 2
γα β+ + ,  

[24] which becomes covariance and strictly stationary when it is less than one. 
However, according to [25], this model will still be good even if 0γ <  given 

that ( ) 0α γ+ ≥ . 

2.6. Exponential GARCH 

Exponential GARCH (EGARCH) proposed by [26] is another widely GARCH 
extension which considers leverage effects in the returns series. In this model, 
the conditional variance is presented as an asymmetric function of the lagged re-
siduals and may be defined jointly with Equation (1) as: 

( ) ( )2 21 1
0 11 1 12 2

1 1

ln lnp r qt t
t i k j ti k j

t t

ε εσ α α γ β σ
σ σ
− −

−= = =
− −

= + + +∑ ∑ ∑       (11) 

Alternatively, Equation (11) may be written as, for the special case of EGARCH(1, 
1): 

( ) ( ) ( ) ( )( )2 2
0 1 1 1 1 1 1ln lnt t t t tEσ α α ε β σ δ ε ε− − − −= + + + −          (12) 

where δ  (or kγ ) is the leverage parameter that would be computed along with 

1α  and 1β . Equation (12) has in its last term the difference between absolute 
residuals and its expectation which produces leverage effects (effects which dis-
tinguishes the impacts of positive shocks from negative shocks to the stock re-
turns). Note that δ  (or kγ ) is that parameter that accounts for the asymmetry 
in the model; this serves as an advantage of EGARCH over the standard GARCH 
model. Another significant advantage of this model is that by modelling ( )2ln tσ  
instead of 2

tσ , the volatility estimate is certainly going to be positive. This view 
according to [27] is standard in the GARCH model, where there is need for model 
restrictions. EGARCH is however unrestricted in the course of model estimation 
because with the natural log of 2

tσ , the volatility equation will always be positive. 
The persistence to volatility is however determined by 1β  [28] [29]. 

2.7. TGARCH 

Threshold GARCH model developed by [30] is similar to GJR-GARCH; the main 
difference is, rather than considering volatility as a conditional variance, the con-
ditional standard deviation is used. The model is based on the axiom that posi-
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tive and negative shocks with the same magnitude impacts on asset price volatil-
ity differently, which according to [31], is attributed to the stylized fact called le-
verage effect.  

TARCH model is defined mathematically along with Equation (2) as: 

0 1 1 1 1 1 1t t t tσ α α ε α ε β σ+ + − −
− − −= + + +                  (13) 

where 

1 1 1 1 1

1 1 1 1 1

if 0; 0 if 0

if 0; 0 if 0
t t t t t

t t t t t

a

a a a

ε ε ε ε

ε ε

+ +
− − − − −

− +
− − − − −

 = > = ≤


= ≤ = ≤
 

3. Result and Discussion 

This section is meant to present and discuss the results of the analysis of the 
study; starting with the presentation of the descriptive statistics and normality 
tests through to the presentation of results on the models fitting and finally with 
the presentation of relative persistence rates between the financial crisis period 
and periods before and after the crisis. 

3.1. Descriptive Statistics & Normality Tests  

Table 1 and Table 2 present the summary statistics and the normality tests for 
ten (10) banks being investigated for the periods of: 1) the overall period 
(2004-2014) and 2) financial crises (2007-2009). We observe that the mean re-
turns for the 10 banks are not all zeros for the two periods; while the medians for 
overall period for the 10 banks are all zero, those of the period of financial crises 
are not all zeros especially for the following banks: Diamond (−0.0032), Guaranty 
Trust (−0.0012) and UBA (−0.001). Also, the standard deviations for the 10 banks 
are undoubtedly high compared to the mean returns across the two periods of 
the study, indicating high variability in the series. The remaining key findings 
are summarised below with respect to the periods of interest. 

 
Table 1. Summary statistics & normality test for return series across the 10 banks for the periods: 2004-2014. 

Bank Sample size Mean Median Max. Min. Std. Dev. Skewness Kurtosis JB p-value 

Access 2417 0.0004 0.000 0.8540 −0.854 0.0397 1.9603 218.846 4693516 0.000 

Diamond 2218 0.0000 0.000 0.9690 −0.951 0.0411 0.4027 270.742 6625042 0.000 

Eco 1904 0.0000 0.000 6.5103 −6.2879 0.2276 1.9553 673.543 35671655 0.000 

Guaranty 2418 0.0004 0.000 2.2828 −2.2828 0.0729 −0.1445 799.086 63850608 0.000 

Skye 2065 0.0000 0.000 1.8116 −2.0592 0.0722 −2.9746 527.504 23673493 0.000 

Fidelity 2225 0.0003 0.000 1.1725 −0.6968 0.0432 8.9275 360.332 8559667 0.000 

Sterling 1883 0.00008 0.000 2.6546 −2.0794 0.0888 7.6013 591.346 27176568 0.000 

UBA 2417 −0.0002 0.000 0.7810 −0.7888 0.0417 −0.6569 127.096 1551054 0.000 

Union 2438 −0.0005 0.000 1.6743 −1.553 0.0709 5.9499 341.939 11684273 0.000 

Zenith 2360 0.0000 0.000 0.3380 −0.798 0.032 −7.612 187.112 3356031 0.000 
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Table 2. Summary statistics & normality test for return series across the 10 banks for the periods: 2007-2009. 

Bank Sample size Mean Median Max. Min. Std. Dev. Skewness Kurtosis JB p-value 

ACCESS 495 −0.0016 0.000 0.0488 −0.0513 0.0305 0.0356 2.1885 13.6870 0.001 

Diamond 496 −0.0019 −0.0032 0.0488 −0.1104 0.0330 0.0327 2.0976 16.9169 0.0002 

Eco 496 −0.005 0.000 1.5041 −1.6094 0.1237 −4.7202 152.0117 460734.3 0.000 

Guaranty 520 −0.0013 −0.0012 0.3179 −0.3444 0.0376 −0.7486 27.2662 12806.98 0.000 

Skye 520 0.0000 0.000 0.0488 −0.0988 0.0324 −0.0990 2.2310 13.6617 0.001 

Fidelity 520 0.0007 0.000 0.0775 −0.0513 0.0263 0.1437 2.8947 2.0303 0.3624 

Sterling 519 −0.0014 0.000 0.0917 −0.1683 0.0306 −0.2401 3.9312 23.7415 0.000 

UBA 496 −0.0026 −0.001 0.2563 −0.4099 0.0395 −2.6256 34.1534 20627.55 0.000 

Union 496 −0.0018 0.000 0.0488 −0.2026 0.0328 −0.8045 6.9492 375.824 0.000 

Zenith 522 0.006 0.000 4.1665 −0.4058 0.1870 21.182 471.463 4812229 0.000 

 
Overall Periods (2004-2014): 
In this case, the average returns are all positive except for two banks—Union 

and Unity banks, but are largely approximately equal to zero; and the medians 
are all zero for the 10 banks. The standard deviations are far higher than the av-
erage returns across the 10 banks, indicating high variability around the mean. 
The 10 banks are more skewed than expected of a normal distribution with fi-
delity bank taking the lead; four are negatively skewed while the remaining six 
are positively skewed. This implies that only four are exposed to negative shocks 
in the long run. 

Also, virtually all the banks are highly leptokurtic based on relatively high kur-
tosis, with GTB having the highest value of 799.086; an indication of violation of 
Gaussian assumptions and likelihood of prolonged effects of any shock on all the 
banks at the overall period. Finally, Jarque-Bera tests in the 9th columns in Table 
1 show gross non-normality; and both the histogram with superimposed normal 
distribution curve and Q-Q plots obtained confirmed this (see the Appendix). 

Augmented Dickey-Fuller (ADF) tests also indicate stationarity across the banks; 
the same with heteroscedasticity tests of Harvey, Breusch-Pagan and Engle (La-
grange Multiplier) LM; all confirmed the appropriateness of ARCH/GARCH fam-
ily models across the banks and the two periods. 

Financial Crises Period (2007-2009): 
Only one of the banks’ average returns is zero while the rest are non-zeros and 

mostly negative, except for Fidelity and Zenith banks. Also observed is that un-
like the overall data, not all median returns are zero. The standard deviations are 
far higher than the mean returns, showing high level of variability in the data. 
Zenith bank returns remains the most positively skewed (with skewness of 21.78); 
and unlike the overall level where it was negatively skewed. The six banks, name-
ly—Eco (−4.72), Guaranty (−0.7486), Skye (−0.099), Sterling (−0.24), UBA (−2.626) 

 

DOI: 10.4236/ojs.2020.102021 310 Open Journal of Statistics 
 

https://doi.org/10.4236/ojs.2020.102021


M. A. Raheem, T. K. Samson 
 

and Union (−0.805) are negatively skewed. 
Besides the four banks—Access (2.19), Diamond (2.098), Skye (2.23) and Fi-

delity (2.89), having kurtosis value less than 3 as expected of a normal distribu-
tion, the remaining six have considerably high kurtosis; and the Eco with highest 
kurtosis of 152.01 being the most leptokurtic. 

Meanwhile, the normality tests reveal that only Fidelity bank returns with 
p-value of 0.362 is approximately normally distributed at 5% while the remain-
ing 9 banks are non-normally distributed (see Table 2 for the details). 

3.2. Fitting Suitable Model1 

Having tested the suitability of the ARCH/GARCH family models, ARCH(1), 
GARCH(1, 1), EGARCH(1, 1) and GJR-GARCH(1, 1) models are fitted to the 
returns of each bank and the Akaike Information Criterion (AIC) obtained for 
each period considered. The appropriate model is chosen by considering the least 
AIC and other relevant stationarity conditions as appropriate for each model 
across the four periods, results of which are provided in Table 3 and Table 4. 

Financial Crises Period (2007-2009): 
During these periods, the retuns of only two banks are fitted with ARCH (UBA) 

and GARCH (Diamond) models, whilst the remaining eight are fitted with the 
EGARCH model. However the volatility persistence levels are considerably high 
with that of UBA (1.0603) being extremely high and unstationary (see Table 3 
and Figure 1). Also observed is that, the values of the leverage parameters for 
Union (0.113) and GTB (0.1487) show that the two banks volatility are rather 
dominated by positive shocks than negative shocks (see Table 3 below). 

 
Table 3. Appropriate volatility model for each bank during financial crises (2007-2009). 

BANK Model α0 α1 β1 γ1 Persistence 

Access EGARCH(1, 1) −1.2458 0.4779 0.8796 −0.0009 0.8796 

Skye EGARCH(1, 1) −1.4314 0.5471 0.8596 −0.0006 0.8596 

ETI(Eco) EGARCH(1, 1) −0.8781 −0.2283 0.7941 −0.2981 0.7941 

Fidelity EGARCH(1, 1) −2.1260 0.7405 0.7888 −0.0504 0.7888 

Sterling GARCH(1, 1) 0.000098 0.3951 0.5381 N/A 0.9332 

Union EGARCH(1, 1) −0.9387 0.6121 0.9312 0.1130 0.9312 

UBA ARCH(1) 0.0006 1.0603 N/A N/A 1.0603>1 

Guaranty Trust EGARCH(1, 1) −1.8886 0.7129 0.8060 0.1487 0.8060 

Diamond GARCH(1, 1) 0.000056 0.2408 0.7154 N/A 0.9562 

Zenith EGARCH(1, 1) −1.3452 0.7598 0.8827 −0.3711 0.8827 

 

 

1Assumption of normality is proposed for the error term (εt) in these models, and GARCH, EGARCH and TGARCH exhibit mean reversion to 
the long run (or constant) volatility α0. 
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Table 4. Fitting volatility model to each bank returns at overall period (2004-2014). 

BANK Model α0 α1 β1 γ1 Persistence 

Access ARCH(1) 0.0011 0.1554 N/A N/A 0.1554 

Skye TARCH(1, 1) 0.000767 0.1740 0.2232 0.3422 0.5683 

ETI(Eco) EGARCH(1, 1) −3.6952 0.1610 0.3107 0.0445 0.3107 

Fidelity EGARCH(1, 1) −1.9844 0.4555 0.7570 −0.1049 0.7570 

Sterling ARCH(1) 0.0007 0.6960 N/A N/A 0.6960 

Union ARCH(1)* 0.0034 0.2381 N/A N/A 0.2381 

UBA TGARCH(1, 1) 0.0006 0.1485 0.3722 0.2565 0.6490 

Guaranty Trust ARCH(1) 0.0031 0.0818 N/A N/A 0.0818 

Diamond ARCH(1) 0.001132 0.1494 N/A N/A 0.1494 

Zenith ARCH(1)* 0.00029 0.7855 N/A N/A 0.7855 

 

 
Figure 1. Pie chart showing volatility persistence in financial crisis period. 

 
Overall Periods (2004-2014): 
For the overall periods covered, it is noticed that only four banks, Eco, Fidelity, 

Skye and UBA are characterised by Asymmetric GARCH models, whereas the 
remaining six are characterised by ARCH(1) model. Zenith bank appears to be 
most volatility persistent with a value of 0.7855, followed by Fidelity with persis-
tent value 0.7570. However generally the volatility persistent level has been over-
taken by events for being considerably low (see Table 4). 

Obtaining Relative Persistence in Volatility 
In this case, we try to compute relative volatility persistence (RP) of the finan-

cial crisis period relative to the overall. This is intended to determine what pro-
portion of the overall persistence in volatility was accounted for during the crisis. 
This would enable us to undersatand level of risk that was recorded by each bank 
during the period.  
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Suppose that the persistence in volatility during the crisis and at the overall 
period is respectively defined as FCP  and TP , the relative persistence in volu-
tility during the crisis is then defined mathematically as: 

/
PERSISTENCE during FINCIAL CRISIS

PERSISTENCE at the OVERALLFC TRP =  

For Example: 

( ) 0.8796 5.66
0.1855

Access bank c
FC

T

PRP
P

= ==  

(see columns 5 and 6 of Table 4). 
With this result, Access bank’s persistence during the financial crisis was about 

6 times that of the overall period and GTB having the highest relative persistence 
(see col. 4 of Table 5 below). It could be deduced that persistence during crisis is 
far above that of the overall period, with the relative persistence of GTB taking 
the lead, about 10 times higher during the crisis (see Table 4 and Figure 2). 

Figure 2 below displays the persistence in volatility across the ten banks, be-
fore, during and after the 2008-2009 financial crises. Apparently, Zenith bank 
was mostly volatile before the crisis; whereas UBA and Fidelity banks were mostly 
volatile during and after the crisis respectively (see Figure 2). 

 
Table 5. Relative volatility persistence due to financial crisis. 

BANK PT PFC RPFC/T 

Access 0.1554 0.8796 5.660232 

Skye 0.5683 0.8596 1.512581 

ETI(Eco) 0.3107 0.7941 2.555842 

Fidelity 0.7570 0.7888 1.042008 

Sterling 0.6960 0.9332 1.340805 

Union 0.2381 0.9312 3.910962 

UBA 0.6490 1.0603 1.633744 

Guaranty Trust 0.0818 0.8060 9.853301 

Diamond 0.1494 0.9562 6.400268 

Zenith 0.7855 0.8827 1.123743 

 

 
Figure 2. Volatility persistence pre, during and post financial crisis. 
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4. Summary and Conclusions 
4.1. Summary 

In this study, ten banks that make up the NSE banking Index of the Nigerian 
Stock Exchange are considered. The daily closing prices of stocks of these banks 
starting from June 2004 to May, 2014, covering periods of banks consolidation, 
post consolidation, global financial crises and post financial crisis encompassing 
the periods of second and major reforms initiated by the Central bank of Nigeria 
were obtained, from which returns are generated. Having obtained the summary 
statistics of each of these returns, tests of normality are observed to determine if 
each of these returns could be described via a Gaussian distribution. While es-
tablishing the normality condition of the returns, both price and returns series 
plots as well as Quantile-Quantile plots for each of the banks at the overall level 
were obtained as a further proof justifying the results of our tests (See Appendix: 
Figures A1-A20). 

The results of the tests show that all the banks are highly leptokurtic the given 
the very high value of kurtosis far above 3 that is expected of a Gaussian distri-
bution. This is further confirmed by the p-values obtained from Jarque-Bera (JB) 
tests (see Table 1). Meanwhile for the two periods of interest, it is found that 
GTB and Zenith are the most leptokurtic with the highest kurtosis of 799.086 
and 471.463, recorded by the banks at the overall and during the financial crisis 
respectively. The Adjusted Dickey Fuller test was employed in checking for the 
stationarity of the series across the two periods and the corresponding p-values 
confirmed the stationary for each of the banks. 

The Heteroscedasticity tests and residual plots for the two periods were sig-
nificant for the ten (10) banks, indicating suitability for fitting the ARCH/GARCH 
family models to the returns of these banks across the 2 periods and this was 
further confirmed by the results obtained. Having fitted the models, relevant mod-
els assumptions/constraints and the least AIC rule were adopted in choosing ap-
propriate model to fit respective banks volatility. Estimates of the fitted model 
parameters and the volatility persistence were obtained; and the results displayed 
in Table 3 and Table 4 above. The empirical results show that both EGARCH 
and TGARCH became the most favoured candidate models, particularly during 
the financial crisis periods. Also from the results, it is noted that volatility per-
sistence was very high between 2007 and 2009 with UBA having a value higher 
than one, indicating non-stationarity and possible explosiveness in volatility.  

The results of relative persistence obtained also show that the financial crisis 
has led to significant increase in volatility persistence, with GTB having the highest 
relative persistence (see Table 4, Figure 1 and Figure 2). 

4.2. Conclusions 

The outcomes of this study show that different ARCH/GARCH models were fit-
ted to the volatility of each of the 10 banks at the two study periods. The events 
of global financial market had significant impacts on the stock returns of these 
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banks; thereby giving way for asymmetric GARCH models to be the most ap-
propriate models to describe the returns behaviour during the crisis. It was also 
deduced that the returns behaviour cannot be described by a normal distribution 
due to the leptokurtic behaviour of stock returns of each of the banks across the 
two periods covered by this research. 

Also worthy of note is that assumption of residuals of the ARCH family mod-
els following a normal distribution was made while fitting the respective model. 
However this assumption has generally being supported with mixed views among 
researchers who believe that returns residuals are better assumed to follow tailed 
distribution such as t-distribution and Generalized error distribution 

Due to the higher rates of persistence in volatility during the financial crisis 
across the 10 banks than they were at the overall period, is an indication that the 
banks became riskier due to the crisis. 
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Appendix 

 
Figure A1. Normal Plot of Access Bank for 2004-2014. 

 

 
Figure A2. Q-Q Plot of Access Bank for 2004-2014. 

 

 
Figure A3. Normal Plot of GTB for 2004-2014. 
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Figure A4. Q-Q Plot of GTB for 2004-2014. 

 

 
Figure A5. Normal Plot of United Bank for Africa (UBA) for 2004-2014. 

 

 
Figure A6. Q-Q Plot of UBA for 2004-2014. 
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Figure A7. Normal Plot of Union Bank for 2004-2014. 

 

 
Figure A8. Q-Q Plot of Union Bank for 2004-2014. 

 

 
Figure A9. Normal Plot of Eco Bank for 2004-2014. 
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Figure A10. Q-Q Plot of Eco Bank for 2004-2014. 

 

 
Figure A11. Normal Plot of Fidelity Bank for 2005-2014. 

 

 
F igure A12. Q-Q Plot of Fidelity Bank for 2005-2014. 
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Figure A13. Normal Plot of Skye Bank for 2006-2014. 

 

 
Figure A14. Q-Q Plot of Skye Bank for 2006-2014. 

 

 
Figure A15. Normal Plot of Sterling’s Bank for 2006-2014. 
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Figure A16. Q-Q Plot of Sterling’s Bank for 2006-2014. 

 

 
Figure A17. Normal Plot of Diamond Bank for 2005-2014. 

 

 
Figure A18. Q-Q Plot of Diamond Bank for 2005-2014. 
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Figure A19. Normal Plot of Zenith Bank for 2004-2014. 

 

 
Figure A20. Q-Q Plot of Zenith Bank for 2004-2014. 
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where, μ is the mean (log) returns. 
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