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Abstract

This study investigated the performance of eleven competing time series
GARCH models for fitting the rate of returns data, monthly observations on
the index returns series of the market over the period of January 1996 to De-
cember 2015 was used. From the results obtained from the Log Likelihood
(Log L), Schwarzs Bayesian Criterion (SBC) and the Akaike Information Cri-
terion (AIC) values it was found that the models identified was not the same
for the two periods (Training and Testing period) that is for Training period
were CGARCH (1,1) and EGARCH (1,1) while for Testing period were ARCH
(1) and GARCH (2,1). The two extreme classes of models are identified to
represent the best and the worst groups respectively. The overall effect of this
will tend to increase the volatility of the market returns. The paper therefore
recommended that the Nigeria government should as a matter of urgency take
appropriate positive measures through the security and exchange commission
to regulate the market volatility so that the provided market index could be
safely used as predictive index for measuring the performance of the firms
and as a guide for investment purpose.
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1. Introduction

The study employ different univariate specifications of GARCH type model for
monthly observations on the index returns series. Furthermore, because of the
sensitivity of global and regional economics models, there is more increasing at-
tention in research in these areastime series GARCH models for fitting the rate

of returns data. Studies involving stock market return, foreign exchange rates,
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inflation rates are wide. In addition, stock market exhibits changes in variance
over time in such circumstances, that the assumption of constant variance (ho-
moscedasticity) is inappropriate. The variability in the financial data could very
well be due to the volatility of the financial market. More importantly, the ex-
tended financial market as well as globalization due to the markets is known to
be sensitive to factors such as rum ours, political upheavals and changes in the
government monetary and fiscal policies [1]. [2] Introduced the Autoregressive
Conditional Heteroscedastic (ARCH) model process to cope with the changing
variance. [2] Extended the Generalized Autoregressive Conditional Heterosce-
dastic (GARCH) model which has a more flexible lag structure because the error
variance can be modeled by an Autoregressive Moving Average (ARMA) type
process. Such a model can be effective in removing the excess kurtosis. There
have been a great number of empirical applications of modeling the conditional
variance (volatility) of financial time series by employing different specifications
of these models and their many extensions. For example, [3], [4], [5], and [6],
provide an extended methodological framework that can be applied to various
problems in finance. The volatility models applied in this study include the
ARCH (1), ARCH (2), GARCH (1,1), GARCH (1,2), GARCH (2,1), EGARCH
(1,1), PARCH (1,1), GRJGARCH (1,1), CGARCH (1,1) and GARCH-M (1,1)
and GARCH (2,2). In these models, the volatility process is time varying and is
modeled to be dependent upon both the past volatility and past innovations.
These models have been used in many applications of stock return data, interest
rate data, foreign exchanged etc. We focus upon one aspect of GARCH models,
namely, their ability to deliver volatility. In other words, these models are useful
not only for modeling the historical process of volatility but also in giving us
multi-period a head forecasts. We evaluate the performance of these models in
terms of their ability to give adequate forecasts. One traditional difficulty in con-
structing these tests is that the volatility process is in recently unobservable. We
surmount this problem by using a proxy of monthly volatility calculated using
daily data. Since our alternative measure of volatility is essentially model free
and is estimated using higher frequency data, we have more faith in their liability
of these volatility estimates. Various specifications for theme an equation and
variance equation are entertained. We perform othin-sample and out-of-sample
tests on these GARCH pecifications.

The objective of this study is to employ different univariate specifications of
GARCH type model for monthly observations on the index returns series of the
market over the period of January 1996 to December 2015 and to model stock

returns volatility in Nigeria Stock Markets.

2. Literature Review

It has been a large amount of literature on modeling stock market return volatil-
ity in both developed and developing countries around the world. The volatility

characteristics have been investigated using econometrics models. However, no
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single model is superior. The idea of using factor models with GARCH goes back
to Engle, [7] who use the capital asset pricing model to show how the volatilities
and fitted model between individual equities can be generated from the univa-
riate GARCH variance of the stock market return. This model has been genera-
lized by [8] to the case where the fitted model is time-varying. To avoid the need
for a univariate GARCH parameterization and to keep the model as simple as
possible, this “dynamic conditional fitted model” uses a GARCH (1,1) model
with the same parameters for all the elements of the fitted model. [9] Examined
time-series features of stock returns and volatility in four of China’s stock mar-
kets. They provided strong evidence of time-varying volatility and indicated vo-
latility is highly persistent and predictable. By employing eleven competing time
series models for fitting the rate of returns data to evaluate the performance of
these models, [10] predict volatility of some stock markets returns. However,
when asymmetric loss functions are applied ARCH-type models provide the best
fitted model.

The univariate generalised autoregressive conditional heteroscedasticity
(GARCH) models that were introduced [1] and [2] have been very successful for
short and medium term volatility forecasting in financial markets. An alternative
univariate GARCH models, were used in different financial markets. Many of
these are being successfully applied to generating convergent term structure vo-
latility forecasts, and in stochastic volatility models for option pricing and hedg-
ing. Various time series methods are employed by [11], including the simple
GARCH model, the GARCH-in-Mean model and the exponential GARCH to
investigate the Risk-Return Trade-off on the Romanian stock market. Results of
the study confirm that E-GARCH is the best fitting model for the Bucharest
Stock Exchange composite index volatility in terms of sample-fit. The Autore-
gressive Conditional Heteroscedastic (ARCH) model proposed by [1] and its ex-
tension, the Generalized Autoregressive Conditional Heteroscedastic (GARCH)
model which has a more flexible lag structure because the error variance can be
modeled by an Autoregressive Moving Average (ARMA) type process developed
independently by [2], have been the first models introduced into the literature
and have become very popular [12]. [10] Used both symmetric and asymmetric
ARCH-type models to derive volatility expectations. The outcome showed that
there has a positive effect of expected volatility on weekly and monthly stock re-
turns of both Philippines and Thailand markets according to ARCH model. The
result is not clear if using the other models such as GARCH, GJR-GARCH and
EGARCH. [13] Demonstrates that the increases in variance of stock returns can
explain much of the decline in stock prices. [14] Offers empirical evidence for a
positive relation between a lagged volatility measure and future expected returns.
For Asian stock markets return, [15] and [16] found that the conditional va-
riance is an asymmetric function of past innovations. For emerging African
markets, [17] investigate the market volatility using Nigeria and Kenya stock re-
turn series. Results of the exponential GARCH model indicate that asymmetric

volatility found in the U.S. and other developed markets is also present in Nige-
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rian stock market (NSM), but Kenya shows evidence of significant and positive
asymmetric volatility. Also, they show that while the Nairobi Stock market re-
turn series indicate negative and insignificant risk-premium parameters, the
NSM returns series exhibit a significant and positive time-varying premium. [18]
Studied the impacts of Inflation dynamics and global financial crises on stock
market returns and volatility in Nigeria. The data sets on monthly All Shares
Index Prices of NSE and consumers “price index (CPI)” cover the period of Jan-
uary, 1985 to December, 2010 were used. The GARCH (1,1) model with multi-
variate regresses were adopted and the result shows that in the conditional mean
equation; inflation exerts insignificant positive impact on stock market returns
and during the global financial crises, inflation exerts significant negative effect
on stock market returns. [19] Investigate the volatility of Naira/Dollar exchange
rates in Nigeria using GARCH (1,1), GJR-GARCH (1,1), EGARCH (1,1),
APARCH (1,1), IGARCH (1,1) and TS-GARCH (1,1) models. Using monthly
data over the period January 1970 to December 2007, volatility persistence and
asymmetric properties are investigated for the Nigerian foreign exchange. The
results from all the models shows that volatility is persistent and the results from
all the asymmetry models rejected the hypothesis of leverage effect. TSGARCH
and APARCH models are found to be the best models. Several researchers such
as [20], [21] and [22] had shown that models with a small lag like GARCH (1,1)
is sufficient to cope with the changing variance. Nevertheless, due to the high
volatility of the rate of returns of the NSM, higher order lag models such as the
GARCH (1,2), GARCH (2,1) and GARCH (2,2). In all, the study shall compare
the performance of eleven competing time series models for fitting the rate of
returns data. The models are the ARCH (1), ARCH (2), GARCH (1,1), GARCH
(1,2), GARCH (2,1), EGARCH (1,1), PARCH (1,1), GRJGARCH (1,1),
CGARCH (1,1) and GARCH-M (1,1) and GARCH (2,2). [23], attempts to fit the
generalized Autoregressive conditional Heteroscedastic (GARCH) model for All
Share Index (ASI) of Nigerian Stock Market (NSM) returns. The data used in
this paper are the daily All Share Index (ASI) of Nigerian stock market from
January 2007 to December 2011 covering 1231 data points including business
days and excluding public holidays. A research is made on various GARCH va-
riants specified on the assumptions of stationarity and asymmetry. However, as
[24] pointed out, it may not be reasonable to assume that the loading best or
worst fit model is constant over time. We suggest finding the best and worst fit

of the OGARCH model that allows for time-varying loadings.

3. Data and Methods

Autoregressive Conditional Heteroscedasticity (ARCH) and its Generalization
(GARCH) models represent the main methodologies that have been applied in
modeling stock market volatility in finance time series. These models can be ef-
fective in removing the excess kurtosis. In this research different univariate
GARCH specifications are employed to model stock returns volatility in Nigeria

Stock Market Returns the models are to be used for testing symmetric volatility.
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3.1. Data Description

The data used in this research work, is the monthly rate of returns of the (Nige-
ria Stock Market) (NSM), registered from January 1996 to December 2015. In
the fourth quarter of 2006, political crisis which hit the Asian region had badly
hurt the performance of most of the Oil Market in the world including the NSM
(Nigeria Stock Market).

The data were divided in to two periods: Training Period from January 1996
to December 2006 and Testing Period from January 2007 to December 2015.

The monthly rate of returns r; of the NSM are calculated using the following

formula:

q:log(L],tﬂ,z,---,T (1
It—l

where 7, denotes the reading on the composite index at the close of #* trading
day. As noted earlier, the rate of monthly returns of the NSM displays a chang-
ing variance over time. There are many ways to describe the changes in variance
and one of them is by considering the Autoregressive Conditional Heteroscedas-
ticity (ARCH) model.

3.2. ARCH (P) Processes

Suppose for now that &,¢,,--- is Gaussian white noise with unit variance. Later
we will allow the noise to be independent white noise with a possibly non nor-

mal distribution, such as, a standardized t-distribution. Then

E(&léq)=0 )

and

Var (& | &) =1 (3)

Property (2) is called conditional homoskedasticity.
The process a,is an ARCH (g) process under the model

a =o+ ozlaf_lgt (4)

Equation (4) is a special case of (3) with fequal to 0 and oequal to /@ +a,a’, .
These research require that @ > 0 and a, > 0 so that o, +a,a2, >0. It is also
required that a; < 1 in order for a, to be stationary with a finite variance. Equa-
tion (4) can be written as
a’ :(a)+alatz—1)glz (5)
Which is very much like an AR (g) but in a?, not a, and with multiplicative

noise with a mean of 1 rather than additive noise with a mean of 0.

3.3. PARCH (p,q) Model

[25] Introduced the Power ARCH (PARCH) specification to deal with asymme-
try. Unlike other GARCHN models, in this model, the standard deviation is

modeled rather than the variance as in most of the GARCH-family. In Power
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ARCH an optional parameter can be added to account for asymmetry [26]. The
model also offers one opportunity to estimate the power parameter instead of
imposing to n the model [27]. The general power ARCH model specifies o, as

of the following form:
O-Is =0+ ﬂlo-il o (|gt—l| ~Né ) ° (6)

where ¢ and f, are the standard ARCH and GARCH parameters, y, is the
leverage parameter and & is the parameter for the power term. When & =2
Equation (6) becomes a classic GARCH model that allows for leverage effects,

and when & =1, the conditional standard deviation will be estimated.

3.4. GARCH (p,q) Models as ARMA (p,q) Models

The similarities seen in between GARCH and ARMA models are not a coinci-
dence. If a, is a GARCH process, then a’ is an ARMA process but with weak
white noise, not i.i.d. white noise. To show this, we will start with the GARCH

(1,1) model, where a, =o¢,. Here &,is i.i.d. white noise and
2 2 2 2
=) (at ) =0y =o+od, + fiog, 7)

where e, is the conditional expectation given the information set at time #— 1.
2

Define n,=a’-o?.Since E_,(n)= EH(at

process, that is, a weak white noise process. The conditional heteroskedasticity of

)— o’ =0, by p,is an uncorrelated

a,is inherited by 5, so 7,is not i.i.d. white noise.

Simple algebra shows that

o =o+(ay+B)al =Bt (8)
And therefore
&' =0y +n =o+(ay+f)al, - A+, ©)
Assume that o, + B, <1.If u= a)/{l—(al +/3,)} , then
& —u=(ey+B)(als - 1)+ By +1 (10)

From (9) one sees that E‘;\t2 is an ARMA (1,1) process with mean g Using the
notation of the AR (1) coefficient is ¢, =, + £, and the MA (1) coefficient is
6, =-p,.

For the general case, assume that g, follows so that
p q
ol =o+Y el +) fol; (11)
i=1 i=1

Assume also that p < g—this assumption causes no loss of generality because,
if ¢ > p, then we can increase pto equal ¢by defining o, =0 for i=p+1--,q.

Define u= a)/ {1— P+ )} . Straightforward algebra similar to the
GARCH (1,1) case shows that

o - =Y+ ) (84— )= D B+ (12

p
i=1

So that &’ is an ARMA (p,g) process with mean g As a byproduct of these
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calculations, we obtain a necessary condition for a,to be stationary:

i(ai+ﬁi)<1 (13)

3.5. EGARCH (p,q) Model
[4] Proposed a class of exponential GARCH or EGARCH models. In this model
ht is defined by

q p
In(h)= w+2aig(eil)+2[}jln(htfl)
i-1 j-1
where
(e )=0e +7le|-7E|e]
The coefficient of the second term in g(e,) is set to be 1( 7 =1) in this formula-
tion. Unlike the linear GARCH model there are no restrictions on the parame-

ters to ensure non-negativity of the conditional variances.

3.6. GARCH-M (p,q) Model

In the GARCH-in-Mean or GARCH-M model, the GARCH effects appear in the

mean of the process, given by

& = \/@
where € ~N(0,1) and r,=u+0\/h+& for the model with intercept and
I, =0,/h +¢ for the non-intercept model. For the model GARCH (p,q) speci-
fication, [5] suggested to adopt low orders for the lag lengths pand gq.
The GARCH (p,q) is the most widely used GARCH process, so it is worth-
while to study it in some detail. If a,is GARCH (p,q), then as we have just seen,
a’ is ARMA (p,q).

A e 1)
1-20,8, - f3;
and
pi(K)=(a+4) " pi(1) k=2 (15)
By (14), there are infinitely many values of (a;, B;) with the same value of
p? (1). By (15), a higher value of @, + 3, means a slower decay of p? after the
first lag.

3.7. The Component GARCH (CGARCH) Model

It allows mean reversion to a varying level g
o-tz—ml=w+a(ul€1—w)+ﬂ(al%1—w) (16)
mt:a)+p(mtfl—a))+¢(uil—ofl) (17)
o, is still the volatility, while m, takes the place of @ and is the time va-

rying long-run volatility. The first equation describes the transitory component,

o; —m, which converges to zero with powers of (& + f3). The second equation
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describes the long run component m, which converges to @ with powers of

o
3.8. GJR-GARCH (p,q) Model

[28] The GJR-GARCH, or just GJR, model of [28] allows the conditional va-
riance to respond differently to the past negative and positive innovations. The

GJR (1,1) model maybe expressed as:
ol =w+agl, +yel,l (64 <0)+ Bor, (18)

where 7 denotes the indicator function. The model is also sometimes referred to
as a Sign-GARCH model.

4. Results and Discussion

Some descriptive statistics for the monthly return of the Nigeria Stock Market
are presented in Table 1.

From the results presented in Table 1, the distribution of the rate of monthly
returns in Training Period is positively skewed and leptokurtic. However, for
Testing Period, the standard deviation of the data is large as that in Training Pe-
riod. This results, indicates the rate of returns in Testing Period is more volatile
than in Training Period.

Figure 1 shows how volatile the two periods are and it shows that from 2006
to 2015 there is a great variation in financial boom in Nigeria.

1,200,000 Training Period Testing Period
800,000 -
400,000
0 AL, AI\A/\AAAAMAJ\ A0 ] H }
MR e i
-400,000 +
-800’000 L L L L L L L L L L L L B L B B L DL B DL L

1996 1998 2000 2002 2004 2006 2008 2010 2012 2014
Monthly

Figure 1. Monthly rate of the Nigeria stock market returns from January 1996 to De-
cember 2015.

Table 1. Summary statistics of the rate of monthly returns of the Nigeria stock market.

Period N Mean Sd Variance Skewness Kurtosis
Training period 132 —0.063207 0.992520 0.985096 0.274531 3.462173

Testing period 108 —-0.024417 1.006990 1.014029 0.312870 3.485325
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4.1. Training Period

Training Period was from January 1996 to December 2006.

Figure 2 indicates that the series is not stationary as it contains a trend com-
ponents which should be remove before modeling.

From Figure 3 it shows that the trend components have been taken care.

From Figure 4 it shows that there is a strong autocorrelations function and
partial autocorrelation function in the training period in Nigeria stock market

returns.

3,000,000

2,500,000 - v
2,000,000 - A//\/\f ]
1,500,000 - L/

1,000,000 -

500,000 | ——

96 97 98 99 00 01 02 03 04 05 06

—— ASI —-2C —— COP
—— CPI ——— CRUDEOILPRICE —— DOMPROD
—— EXRT —— INFRT —— INRT
—— MSPLY

Figure 2. Graphical representation of training period on Nigeria stock market returns.

120

80

40 -

-40 |

80+
96 97 98 99 00 01 02 03 04 05 06
—— RASI —-C —— RCOP
—— RCPI ——— RCRUDEOILPRICE —— RDOMPROD
—— REXRT —— RINFRT —— RINRT
—— RMSPLY

Figure 3. Graphical representation of returns logarithms of training period on Nigeria
stock market.
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Autocorrelation Partial Correlation AC PAC Q-Stat Prob

0.242 0.242 7.8771 0.005
0.100 0.044 9.2353 0.010
0.014 -0.021 9.2636 0.026
0.099 0.102 10.614 0.031
0.116 0.077 12.462 0.029
0.053 -0.005 12.854 0.045
-0.039 -0.065 13.068 0.070
0.091 0.117 14.250 0.075
I 0.008 -0.049 14.260 0.113
I 10 0.050 0.030 14.619 0.147
I 11 -0.039 -0.048 14.842 0.190
I 12 -0.049 -0.043 15.189 0.231
I 13 -0.160 -0.160 18.961 0.124
I 14 0.006 0.081 18.967 0.166
I 15 0.010 0.026 18.981 0.215
I 16 0.049 0.029 19.340 0.251
I 17 -0.152 -0.150 22.858 0.154
I 18 -0.087 -0.007 24.029 0.154
I 19 -0.093 -0.057 25.379 0.148
I 20 0.001 0.012 25.380 0.187
I 21 -0.147 -0.112 28.781 0.119
I 22 -0.004 0.095 28.784 0.151
I
I
I
I
I
I
I
I
I
I
I
I
I

©O© 0O ~NO UL WNPE

a

- e e .m mum . B =s=l

23 -0.022 0.005 28.860 0.185
24 0.006 -0.033 28.866 0.225
25 -0.101 -0.081 30.528 0.205
26 -0.112 -0.083 32.623 0.173
27 -0.098 -0.013 34.217 0.160
28 -0.000 0.021 34.217 0.194
29 -0.092 -0.050 35.649 0.184
30 0.055 0.058 36.179 0.202
31 0.071 0.094 37.054 0.210
32 0.048 -0.026 37.455 0.233
33 -0.030 -0.019 37.619 0.266
34 0.012 -0.006 37.647 0.306
35 -0.076 -0.073 38.701 0.306
m 36 0.131 0.144 41.847 0.232

w

Figure 4. Correlogram test of training period on Nigeria stock market returns.

4.1.1. Unit Root Test for the Training Period of Nigeria
Stock Market Returns

The DF-GLS statistic test the null hypothesis of unit root test against the alterna-
tive of no unit root test and the decision rule is to reject the null hypothesis is
when the value of the test statistic is less than the critical value. The Ng-Perron
statistic test the null hypothesis of stationary against the alternative of no statio-
nary and the decision rule is to accept the null hypothesis when the value of the
test statistic is less than the critical value. The results of the DF-GLS and
Ng-Perron tests are in Table 2.

Table 2 the DF-GLS test statistic is greater than all the critical values in abso-
lute value so the hypothesis of non-stationary is rejected. And for Ng-Perron test

statistic is less than the critical value, so the hypothesis is accept.
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Table 2. Results of the unit root test for training period of the nigeria stock market

returns.
Critical Value DF-GLS Test Statistics: —8.831925 Ng-Perron Test Statistics: 0.40208
1% —2.582872 1.78000
5% —1.943304 3.17000
10% -1.615087 4.45000

4.1.2. Jarque Bera Normality Test

To achieve the overall objective of the research, we examine the characteristics of
the unconditional distribution of the training period of Nigeria stock market re-
turns. This will enable us to explore and explain some stylized facts embedded in
the financial time series. Jarque Bera normality test is used to demonstrate this
and the results are given in Table 3: Note that the Jarque Bera test is a goodness
of fit measure of departure from normality, based on the sample kurtosis and
skewness.

From Figure 5 it indicates that the skewness is greater than zero (for the
normal distribution), that is to say the distribution is negatively skewed which is
an indication of a no asymmetrical series, meaning that there is a symmetrical
effects in these models which is another stylize fact of financial time series. The
kurtosis is also greater than 3 (the kurtosis of a normal distribution). Jarque Bera
normality test statistic shown that, neither returns series has a normal distribu-
tion.

From the results obtained in Table 3 showed the results of the three criteria
values which are Log Likelihood (Log L), Schwarzs Bayesian Criterion (SBC) and
the Akaike Information Criterion (AIC) values of the ARCH and GARCH mod-
els that is used in choosing the best fit model from Training period of Nigeria
stock market returns.

The results obtained in Table 4 shows the parameter estimates and the values
of tratio. All parameter estimates, with the exception of a, for GJR-GARCH
(1,1), B, for GARCH (1,1) and EGARCH(1,1), a, for ARCH (2), S, for CGARCH
(1,1) and GARCH (2,2) and 8for CGARCH (1,1) are significant at 5% level.

4.2. Testing Period

Testing Period was from January 2007 to December 2015.

Figure 6 indicates that the series is not stationary as it contains a trend com-
ponents which should be remove before modeling.

Figure 7 shows that the trend component has been taken care of.

4.2.1. Correlogram Test of Training Period on Nigeria
Stock Market Returns

Having discovered that the Nigeria Stock Market returns series could be mod-
eled as ARCH and GARCH, the next is to examine the ACF and PACF to see the
degree of correlation in the data point of the series.

Figure 8 shows that there is a strong autocorrelations function and partial

autocorrelation function in the testing period in Nigeria stock market returns.
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16
Series: RTASI
14 - — Sample 1996M01 2006M12
= Observations 131
12
= Mean 1.424525
10 + m | Median 0.765544
M Maximum 17.14970
84 Minimum -18.57769
Std. Dev. 5.155811
61 Skewness  -0.104501
4 Kurtosis 4571974
2 Jarque-Bera  13.72654
Probability 0.001045
OH“\‘H‘\““\‘ ‘HH\HH\‘H

-15 -10 -5 0 5 10 15

Figure 5. Jarque Bera normality test of training period of Nigeria stock market returns.
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Figure 6. Graphical representation of testing period on Nigeria stock market returns.
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Figure 7. Graphical representation of returns logarithms of testing period on Nigeria
stock market.
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Figure 8. Correlogram test of testing period on Nigeria stock market returns.

Table 3. The criteria value of the ARCH and GARCH models of training period on
Nigeria stock market returns.

Model LOGL SBC AIC
ARCH (1) —386.6639 6.312633 6.071205
ARCH (2) —386.1990 6.342750 6.079373

PARCH (1,1) —384.5735 6.466795 6.115626
GARCH (1,1) —386.2125 6.342958 6.079581
GARCH (1,2) —382.5851 6.324792 6.039467
GARCH (2,1) —380.4210 6.291753 6.006428
EGARCH (1,1) —380.1429 6.287507 6.002182
GJR-GARCH (1,1) —389.1248 6.424635 6.139310
CGARCH (1,1) —389.5262 6.579624 6.206507
GARCH-M (1,1) —382.2043 6.356194 6.048921
GARCH (2,2) —382.1420 6.355243 6.047970
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Table 4. Estimation results of the monthly rate of returns for training period.

MODEL @ x 107 t-ratio a t-ratio i t-ratio a, tratio f, t-ratio ) t-ratio 6  t-ratio
ARCH (1) 10.023 3.29 0.82 3.12
ARCH (2) 10.605 3.14 0.78 3.07 -0.02 -0.42
PARCH (1,1) 2.3729 1.21 0.32 2.13 0.36 1.81 0.08 0.92 0.81 0.56
GARCH (1,1) 10.891 2.89 0.79 3.07 -0.03 -0.41
GARCH (1,2) 10.186 2.39 0.61 2.47 -0.14 -1.51 0.23 2.19
GARCH (2,1) 1.8803 2.85 0.77 3.44 -0.74 -3.68 0.91 22.8
EGARCH (1,1) 3.0994 4.80 1.17 4.45 0.01 0.05 -0.37 -2.29
GJRGARCH (1,1) 11.098 0.86 -0.01 -0.79 -0.08 -2.50 0.59 1.19
CGARCH (1,1) 23.121 5.11 0.02 0.02 0.07 0.02 0.05 0.02 -0.03 -0.36 0.00 0.00
GARCH-M (1,1) 15.346 3.96 0.35 2.06 0.39 1.07 -0.12 -1.12
GARCH (2,2) 3.8942 2.86 0.88 3.37 -0.67 —4.04 0.74 4.09 -0.03 -1.01

4.2.2. Unit Root Test for the Testing Period of Nigeria
Stock Market Returns

The DF-GLS statistic test the null hypothesis of unit root against the alternative
of no unit root and the decision rule is to reject the null hypothesis is when the
value of the test statistic is less than the critical value. The Ng-Perron statistic
test the null hypothesis of stationary against the alternative of no stationary and
the decision rule is to accept the null hypothesis when the value of the test statis-
tic is less than the critical value. The results of the DF-GLS and Ng-Perron tests
are in Table 5.

From Table 5 DF-GLS test statistic is greater than all the critical values in ab-
solute value so the hypothesis of non-stationary is rejected. And for Ng-Perron test

statistic is less than the critical value, so the hypothesis is accept.

4.2.3. Jarque Bera Normality Test

To achieve the overall objective of the research, we examine the characteristics of
the unconditional distribution of the training period of Nigeria stock market re-
turns. This will enable us to explore and explain some stylized facts embedded in
the financial time series. Tarque Bera normality test is used to demonstrate this
and the results are given in Figure 9: Note that the Jarque Bera test is a goodness
of fit measure of departure from normality, based on the sample kurtosis and
skewness.

Figure 9 indicate that the skewness is greater than zero (for the normal dis-
tribution), that is to say the distribution is negatively skewed which is an indica-
tion of a no asymmetrical series, meaning that there is a symmetrical effects in
these models which is another stylize fact of financial time series. The kurtosis is
also greater than 3 (the kurtosis of a normal distribution). Recall that; relatively
large kurtosis suggests that the distribution of the Nigeria stock market returns
series is leptokurtic which is another stylize fact. Thereafter, Jarque Bera nor-
mality test statistic indicates that, neither returns series has a normal distribu-
tion.

Table 6 results shown that the result of the three criteria values which are Log
Likelihood (Log L), Schwarzs Bayesian Criterion (SBC) and the Akaike Informa-
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Figure 9. Jarque Bera normality test of training period of Nigeria stock market returns.

Table 5. Results of the unit root test for testing period of the Nigeria stock market

returns.
Critical Value DEF-GLS Test Statistics: —2.245094 Ng-Perron Test Statistics: 3.11222
1% —2.587387 1.78000
5% —1.943943 3.17000
10% -1.614694 4.45000

Table 6. The criteria values of the ARCH and GARCH models of testing period on
nigeria stock market returns.

Model LOGL SBC AIC
ARCH (1) —354.5865 7.108170 6.833393
ARCH (2) —339.1416 6.863150 6.563394

PARCH (1,1) —329.9103 6.821617 6.446921
GARCH (1,1) —335.0621 6.786899 6.487142
GARCH (1,2) —329.8165 6.732520 6.407784
GARCH (2,1) —-331.6776 6.767307 6.442571
EGARCH (1,1) —-351.1336 7.130971 6.806235
GJR-GARCH (1,1) —333.9890 6.810512 6.485776
CGARCH (1,1) —335.1591 7.007068 6.582413
GARCH-M (1,1) —332.9424 6.834621 6.484905
GARCH (2,2) —330.8776 6.796026 6.446310

tion Criterion (AIC) values of the ARCH and GARCH models that is used in
choosing the best fit model from Testing period of Nigeria stock market returns.

The results obtained in Table 7 shows the parameter estimates and the values
of t-ratio. All parameter estimates, with the exception of @, for GARCH-M (1,1),
S for GARCH (2,2), a, for CGARCH (1,1), and @ for GARCH (1,1) and
GJR-GARCH (1,1) are significant at 5% level.
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Table 7. Estimation results of the monthly rate of returns for Testing period.

MODEL
ARCH (1)
ARCH (2)

PARCH (1,1)

GARCH (1,1)

GARCH (1,2)

GARCH (2,1)

EGARCH (1,1)
GJRGARCH (1,1)

CGARCH (1,1)
GARCH-M (1,1)

GARCH (2,2)

wx 107
20.5
12.6
0.41

-0.03

-0.59

-0.39
4.56
0.01
42.2
1.89

-0.57

t-ratio

3.40

a t-ratio B t-ratio a, tratio B, t-ratio J t-ratio 6  t-ratio
0.99 2.84
0.07 0.46 0.85 3.58

0.29 0.95 0.31 2.98 0.45 1.75 5.63 1.39
0.39 2.29 0.68 5.88

0.41 2.36 0.33 1.01 0.34 1.22

0.45 2.03 -0.19 -1.04 0.79  9.63

0.13 0.48 0.54 3.29 -0.25 -1.20
0.24 1.90 0.26 1.43 0.69 6.89

0.89 7.64 0.16 0.32 -0.02 -0.04 0.17 0.78 0.78 1.46
-0.02 -0.18 0.67 2.16 0.73 5.33

0.42 1.87 -0.04 -0.13 0.42 0.62 0.28  0.54

5. Conclusion

In this study the method for selecting the best model from a set of competing
GARCH models for fitting the Nigeria Stock Market Return series was used. The
method identified exactly the best and worst fit models as for the two periods.
However, as a whole, the models occupying the intermediate positions differ in
the method. The results obtained from the Log Likelihood (Log L), Schwarzs
Bayesian Criterion (SBC) and the Akaike Information Criterion (AIC) values
found out that the models identified by the method were not the same for the
two periods i.e. for Training period were CGARCH (1,1) and EGARCH (1,1)
while for Testing period were ARCH (1) and GARCH (2,1). The two extreme
classes of models are identified to represent the best and the worst groups re-
spectively. The overall effect of this will tend to increase the volatility of the
market returns. Another advantage is that the method can help models to be
classified in to several distinct groups ordered in such a way that each group is
made up of models with about the same level of fitting ability. The two extreme
classes of models are identified to represent the best and the worst groups re-
spectively.

6. Contributions to Knowledge

Based on our findings, this research has contributed to the knowledge in the fol-
lowing directions:

1) We find out that the result of the criteria (Log Likelihood (Log L), Schwarzs
Bayesian Criterion (SBC) and the Akaike Information Criterion (AIC)) are use
to identify the best fit model.

2) And the parameter estimate are being classified in to different groups and

with those that have exceptional.

7. Limitation of This Paper

It is our suggestion that for future researchers can applied principal component
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analysis in testing the best fit model among the GARCH model.
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