
Available online at   www.worldscientificnews.com 
 

( Received 16 June 2022; Accepted 07 July 2022; Date of Publication 08 July 2022 ) 

 
WSN 171 (2022) 65-81                                                                                   EISSN 2392-2192 

 

 
 

Comparative Analysis of the Forecasting Ability of 
the GARCH-Type Models on the Returns Series of 

Nigeria Exchange 
 
 

Hassan Samaila*, Kazeen Eyitayo Lasisi, Ahmed Abdulkadir 

Department of Mathematical Sciences, Abubakar Tafawa Balewa University, Bauchi, Nigeria 

*E-mail address: Hassanisma@gmail.com 
 

 

ABSTRACT  

The aim of the work was to explore GARCH-type models using three different distributions 

(Normal, Student-t and the Generalized Error Distributions) with a view of comparing their forecasting 

ability of volatility on the returns of Nigeria exchange rate for period of January 2002 to December 2020 

comprising of 228 observations. The following GARCH models were employed GARCH (1,1), GJR-

GARCH and EGARCH models. The result revealed that the returns were characterized by significant 

volatility persistence and asymmetric effect irrespective of the distribution. Using the RMSE, MAE and 

the Theil’s inequality coefficient as the measure of predictive accuracy to appraise the forecast 

performance of all the models it was found that GJR-GARCH model produced better forecast regardless 

of the distribution adopted for the exchange rate returns series. 
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1.  INTRODUCTION 

 

Most research have been made on forecasting of financial and economic variables through 

the help of researchers in the last decades using series of fundamental and technical approaches 

yielding different results. The concept of forecasting exchange rate has been presence for many 

eras where different models yield different forecasting results either in the sample or out of 
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sample. A correct exchange rate does have important factors for the economic growth for most 

developed countries while a high volatility has been a major problem to economic of series of 

African countries like Nigeria. According to Adesina et al (2017), there are some factors which 

definitely affect or influences exchange rate like interest rate, trade balance, inflation rate,  

general state of economy, money supply and other similar macro – economic giants’ variables. 

Many researchers have employed multi-variate regression method to study and to predict the 

exchange rate based on some of these variables listed, yet has a restraint in the sense that macro- 

economic variables are accessible at most monthly period and exactly modeling of such 

explanatory variable on exchange rate may not explains that a change in unit of each macro- 

economic variables will definitely lead to a proportion change in the exchange rate. In his view 

why not exchange rate explains itself that is, with the little information of its self can forecast 

its current value and its future value through the use of robust time series or technical model or 

approaches (Akpensuen  et al, 2022).  

(Olanrenwaju and Olaoluwa 2008) opined that the uncertainty of the exchange rate shows 

how much economic performances are not able to observe the directionality of the actual or 

future volatility of exchange rate, that is, it is a different notion from the volatility of the 

exchange rate itself in that it means that the more forecast errors of economic behaviors made, 

the higher the trends in the uncertainty of the exchange rate are shown. The volatility of 

financial assets has been of growing area of research (see Longmore and Robinson (2004) 

among others). The traditional measure of volatility as represented by variance or standard 

deviation is unconditional and does not recognize that there are interesting patterns in asset 

volatility; e.g., time-varying and clustering properties.  

In order to forecast exchange rate, one has to consider the volatility patterns of financial 

assets. The variance tends to change over time, forming so-called volatility clusters. This means 

the time series will be characterized by heteroskedasticity. In 1982, Robert F. Engle elaborated 

on the regular AR process and created the Autoregressive Conditional Heteroskedasticity 

(ARCH) model, which takes the changing variance into account, and need no assumption of 

homoskedasticity. Engle originally created the model to describe uncertainty about British 

inflation. However, since the model is applicable on financial assets, substantial further research 

has been conducted over the years. Significant contributions to the ever-growing family of 

ARCH models have been made by Bollerslev (1986) and Nelson (1991) resulting in the 

GARCH and EGARCH models respectively.  

Before applying a time series model an assumption about the error term distribution has 

to be made. This has also caused a discussion. Engle (1982) made the assumption of normally 

distributed error terms while Bollerslev (1987) preferred the student’s t-distribution. The debate 

has since expanded beyond these two, some preferred the GED. Earlier research shows 

ambiguity yet tendencies towards certain models.  

Recently Ajayi et al (2019) modeled the Nigeria exchange rate against five currencies to 

compare the estimates of GARCH variants, GARCH (1,1), EGARCH (1,1), GJR-GARCH (1,1) 

employing normal distribution for all the models. There result revealed that GJR-GARCH (1,1) 

model was the best model for all the currencies. They failed to employed other distributions in 

other to compare the results. Similarly, the works of Ongbali (2019), Chong et al, Musa et al 

(2014), Trans (2016), Nnandi and David (2012), Nyoni (2019), Noal et al (2013), Ette (2012), 

Emmanuel et al (2021), Muhammad and Abdulmuahymin (2016)and Bala and Asemota (2013) 

all failed to employed the student-t and the generalized error distributions to compare their 

results. 
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In view of the forgoing, this paper will provide an analysis using recent data of Nigeria 

exchange rate of the Naira to Dollar by investigating the conditional variance models GARCH 

(1,1), EGARCH (1,1) and GJR-GARCH (1,1) along with the normal distribution, student’s t-

distribution and GED with a view of comparing the forecast performance of these combinations 

on Nigeria exchange rate returns 

 

 

2.  MATERIALS AND METHODS 

2. 1. Returns  

To calculate returns we use the formular 

 

𝑅𝑡 = ln (
𝑃𝑡

𝑃𝑡−1
) × 100              (1) 

where, 𝑅𝑡 is the monthly returns at time t. The equation ln (
𝑃𝑡

𝑃𝑡−1
) is the natural logarithm of the 

exchange rate returns at time t divided by previous month adjusted exchange rate 𝑡 − 1. The 

returns series is assumed to be decomposed into two parts: 

𝑅𝑡 = 𝐸 (
𝑅𝑡

1𝑡−1
⁄ ) + 𝜀𝑡             (2) 

The conditional mean returns 𝐸 (
𝑅𝑡

1𝑡−1
⁄ ), is believed to be an Autoregressive process 

that captures the expected return at time; t is given all the available information up to and 

including 𝑡 − 1 

The second part is the unpredicted part (𝜀𝑡) that can be defined by the equation  

𝜀𝑡 = 𝑍𝑡𝜎𝑡               (3) 

where, 𝜎𝑡 is the conditional standard deviation of  𝜀𝑡 while the sequence of  𝑍𝑡 is an iid with 

mean equation equal to zero and unit variance (Angelidis et al 2004) 

Moving on to the standardized student’s t-distribution. Bollerslev (1987) showed that the 

unpredicted part could then be written as a conditional density function for that takes into 

account the previous period’s information and the degrees of freedom. It gives the following 

 

𝜀𝑡 = √
𝑣

𝑣−2
×

𝑅𝑡

𝜎𝑡
              (4) 

where v represents the degrees of freedom 

 

2. 2. ARCH Model 
 

The first model that provides a systematic framework for modeling volatility is the ARCH 

model of Engle (1982). Specifically, an ARCH (q) model assumes that, 

 

𝑅𝑡 = 𝜇𝑡 + 𝑎𝑡,      𝑎𝑡 =  𝜎𝑡𝑒𝑡,  
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𝜎𝑡
2 =  𝛼0 + 𝛼1𝑎𝑡−1

2 + ⋯ +  𝛼𝑞𝑎𝑡−𝑞
2                                                                                                  (5) 

 

where [𝑒𝑡] is a sequence of independent and identically distributed (i.i.d.) random variables 

with mean zero, that is E(𝑒𝑡) = 0  and variance 1, that is E(𝑒𝑡
2)= 1, 𝛼0 >  0, 𝑎𝑛𝑑𝛼1, . . , 𝛼𝑞 ≥  0 

(Francq and Zakoian, 2010). The coefficients 𝛼𝑖 , for 𝑖 >  0, must satisfy some regularity 

conditions to ensure that the unconditional variance of 𝑎𝑡is finite. In practice, 𝑒𝑡 is often 

assumed to follow the standard normal or a standardized student-t distribution. 

From the structure of the model, it is seen that large squares of past shocks {𝑎𝑡−𝑖
2 }𝑖=1

𝑞
 

imply a large conditional variance 𝜎𝑡
2,  for the innovation, 𝑎𝑡. Consequently, 𝑎𝑡 tends to assume 

a large value (in modulus). This means that, under the ARCH framework, large shocks tend to 

be followed by another large shock. 

 

2. 2. 1. Weaknesses of ARCH Models 

According to Tsay (2010), the weaknesses associated with ARCH models are as follows: 

i. The model assumes that positive and negative shocks have the same effects on 

volatility because it depends on the squares of the previous shocks. 

ii. The ARCH model does not provide any new insight for understanding the source of 

variations of a financial time series. It merely provides a mechanical way to describe 

the behaviour of the conditional variance. It gives no indication about what causes 

such behaviour to occur. 

iii. ARCH models are likely to over-predict the volatility because they respond slowly to 

large isolated shocks to the returns series. 

 

2. 3. GARCH model 

The unpredicted part can be estimated by conditional variance models. In 1982 Robert F. 

Engle presented the Autoregressive Conditional Heteroskedasticity (ARCH) model, as a way 

to forecast the variance of a time series. The ARCH model assumes that, just as the error terms 

in a regular AR process, the variance of the error term is dependent on previous error term 

variances. 

 

𝜎𝑡
2 = 𝛼0 + ∑ 𝛼1𝜀𝑡−1

2𝑞
𝑡=1 + ∑ 𝛽𝑗

𝑝
𝑡−1 𝜎𝑡−1

2        (5) 

 

The coefficient 𝛼1 captures market news. In Table 1, below, there are two possible 

outcomes of the coefficient values.  

The number 1 represents a scenario where a high value 𝛼1 of indicates that the volatility 

is sharp, spiky, and it also responds well to market movements. Whereas a low value of the 𝛽𝑗 

shows that the market volatility is not very persistent in the long run. In other words, the 𝛽𝑗 

focuses on the degree of persistence of the market news. The second outcome, number 2 in the 

table, is the opposite situation.  

A low value of shows that the 𝛽𝑗 coefficient does not respond successfully to the market’s 

movements while the high value of means that in the long run market news has a large persistent 

influence (Dowd 2010). 
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Table 1. Possible coefficient values 

Coefficients 𝛼1 𝛽𝑗 

High value 1 2 

Low value 2 1 

 

 

The process of a GARCH (1,1) is the stationary condition 𝛼1 + 𝛽 < 1 is fulfilled. Thus, 

in the long run the conditional variance will converge in the unconditional variance resulting in 

the expression 
𝛼0

1−(𝛼0+𝑏1)
 

The forecast equation for the next period, next period. GARCH (1,1) is specified by 

𝜎𝑡+1
2 = 𝛼0 +  𝛼1.  

According to Akpensuen et al (2022) despite the apparent success of the GARCH model, 

it cannot still capture some important features of the financial data. Still, according to Francq 

and Zakoian (2010), the symmetric GARCH modeling has an important drawback in that the 

conditional variance only depends on the modulus of the past variables (past positive and 

negative innovations have the same effect on the current volatility). The most interesting feature 

not addressed by GARCH model is the leverage effect which occurs when an unexpected 

depreciation in exchange rate increases predictable volatility more than an unexpected 

appreciation of exchange rate of similar magnitude (Engle and Ng, 1993: Francq and Zakoian 

2010).The asymmetric specifications allow for the signs of the innovations (returns) to have 

impact on the volatility apart from magnitude. 

In this study, as the extension of GARCH-type models, EGARCH, GJR GARCH are 

considered as the asymmetric. 

 

2. 4. EGARCH Model 

The exponential GARCH (EGARCH) was proposed by Nelson (1991) has formed the 

leverage effect in the equation.The change he proposed was that there should be a weighed 

invention to the model that should allow for the unequal changes of the volatility in the return 

of the asset. 

Letting 𝛼𝑡 be the innovation of the asset return at time t, and then the EGARCH (m, s) 

model can be written as: 

 

ln(𝜎𝑡
2) = 𝜔 + ∑ 𝛼1

∣ 𝛼𝑡−1 ∣ +𝜃𝑖𝛼𝑡−1

𝜎𝑡−1
+ ∑ 𝛽𝑗

𝑛

𝑗=1

𝑠

𝑖−1

ln (𝜎𝑡−1
2 ) 

In which GARCH (1,1) is written as 

𝛼𝑡 = 𝜎𝑡𝜀𝑡 

ln(𝜎𝑡
2) = 𝜔 + 𝛼([∣ 𝛼𝑡−1 ∣ −𝐸(∣ 𝛼𝑡−1 ∣)]) + 𝜃𝛼𝑡−1 + 𝛽ln (𝜎𝑡−1

2 ) 
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where, 𝜀𝑡 and ∣ 𝛼𝑡−1 ∣ −𝐸(∣ 𝛼𝑡−1 ∣) are iid, random variance with mean, 0, and variance, 1. 

 

2. 5. GJR GARCH Model 

The GJR GARCH (q, p) model (Glosten, Jagannathan and Runkle, 1993) is a variant, 

represented by  

𝑎𝑡 =  𝜎𝑡𝑒𝑡  

𝜎𝑡
2  =  𝑎𝑜  +  ∑ 𝛼𝑖𝑎𝑡−𝑖

2𝑞
𝑖=1  +   ∑ 𝛾𝑖𝐼𝑡−𝑖𝑎𝑡−𝑖

2𝑝
𝑖=1  +  ∑ 𝛽𝑗𝜎𝑡−𝑗

2𝑝
𝑗 =1                                                         (6) 

Or written as 

𝜎𝑡
2  =  𝑎𝑜  +  ∑ (𝛼𝑖 +  𝛾𝑖𝐼𝑡−𝑖)𝑎𝑡−𝑖

2𝑞
𝑖=1  +  ∑ 𝛽𝑗𝜎𝑡−𝑗

2𝑝
𝑗 =1                                                                     (7) 

where 𝐼𝑡−1 is an indicator for negative 𝑎𝑡−𝑖  , that is, 

𝐼𝑡−1   =   {
0   𝑖𝑓  𝑎𝑡−𝑖  < 0,
1   𝑖𝑓  𝑎𝑡−𝑖  ≥   0,

  

and 𝛼𝑖 , 𝛾𝑖, and 𝛽𝑗 are nonnegative parameters satisfying conditions similar to those of GARCH 

models. Also, the introduction of indicator parameter of leverage effect, 𝐼𝑡−1 in the model 

accommodates the leverage effect, since it is supposed that the effect of  𝑎𝑡−𝑖
2  on the conditional 

variance 𝜎𝑡
2 is different accordingly to the sign of𝑎𝑡−𝑖. From the model, it is obvious that a 

positive 𝑎𝑡−𝑖 contributes 𝛼𝑖𝑎𝑡−𝑖
2  to 𝜎𝑡

2, whereas a negative 𝑎𝑡−𝑖 has a larger impact (𝛼𝑖 +
 𝛾𝑖)𝑎𝑡−𝑖

2  with 𝜆𝑖> 0 as established by (Tsay, 2010). The model uses zero as its threshold to 

separate the impacts of past shocks (Francq and Zakoian, 2010) 

The GJR GARCH is very similar to the TGARCH model of Zakoian (1994) but models 

the conditional variance instead of conditional standard deviation. 

More precisely, admitting that the process 𝑎𝑡 is a second-order stationary and can be 

decomposed as 𝑎𝑡 =  𝜎𝑡𝑒𝑡, with 𝜎𝑡 being the measurable positive function of the past of 𝑎𝑡, we 

have 𝜌(𝑎𝑡
+, 𝑎𝑡−ℎ)  = 𝐾𝐶𝑜𝑣(𝜎𝑡 , 𝑎𝑡−ℎ) = 𝐾[𝐶𝑜𝑣(𝜎𝑡, 𝑎𝑡−ℎ

+ )  +  𝐶𝑜𝑣(𝜎𝑡, 𝑎𝑡−ℎ
− )] 

2. 6. Information Criteria  

2. 6. 1. Akalke’s Information Criterion 

Akaike’s information criterion (AIC) originally proposed by Akaike, attempts to select a 

good approximating model for inference based on principle of parsimony. AIC proposes the 

use of relative entropy or Kull Black-Libeler (K-L) information as fundamental basis for model 

selection.  

A suitable estimator of the relative K-L information is used and involves two terms. The 

first term is a measure of lack of fit while the second is a penalty for increasing size of the 

model, assuming parsimony in the number of parameters.  

The AIC criterion to minimized is 

 

𝐴𝐼𝐶(𝑛) = log(𝜎2) +
2𝑛

𝑇
                        (8) 
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where n is the dimensionality of the model σ2 is the maximum likelihood estimate of the white 

noise variance, and T is the sample size 

 

2. 6. 2. Schwartz Bayesian Information Criterion 

The Bayesian information criteria (BIC) originally proposed by Swartz was derived in a 

Bayesian context and is dimensional consistent in that it accepts to consistently estimate the 

dimension of the true model. It assumes a true model exist in the set of candidate models, 

therefore, requires a large sample size to be effective. The  BIC criteria to be minimized is 

 

𝐵𝐼𝐶(𝑛) = log(𝜎2) +
𝑛𝑙𝑜𝑔(𝑇)

𝑇
                        (9) 

 

where n is the dimensionality of the model, σ2 is the maximum likelihood estimate of the white 

noise variance and T is the sample size. 

 

2. 6. 3. Hannan-Quinn Criterion 

The Hanna – Quinn criteria originally proposed by Hanna and Quinn was derived from 

the law of iteration logarithm, it is another dimension consistent model and only differs from 

AIC and BIC with respect to the penalty term. The  HQ criteria to be minimized is 

 

𝐻𝑄(𝑛) = log(𝜎2) +
2𝑛𝑙𝑜𝑔(𝑇)

𝑇
                                             (10) 

 

where n is the dimensionality of the model, σ2 is the maximum likelihood estimate of the white 

noise variance and T is the sample 

 

2. 7. Forecast Evaluation Matrices 

Fair (1986), discussed four common measures of predictive accuracy, namely: 

i. Root mean square error  

ii. Mean absolute error (MAE) 

iii. Theils’s inequality coefficient 
 

 

3.  RESULTS AND DISCUSSION 

3. 1. Preliminary Analysis 

We used Nigeria monthly exchange rate of the Naira against US Dollar January 2002 to 

April 2021 comprising of 228 observations. 

 

3. 1. 1. Data Properties: 

From the plot in Figure 1, we observed that the mean is not constant (i.e., is changing 

with time). And also, from this plot it can be seen that the exchange rate varies a lot. It seems 

that the exchange rates do not move stably. Primarily we doubt the stationary of the time series. 

The evidence of non-stationarity is also confirmed in the ADF test of the exchange rate series 
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as shown in Tables 2. The ADF statistic tests the null hypothesis of the presence of the unit root 

against the alternative of no unit root. The decision rule is to reject the null hypothesis when 

the value of the test statistic is less than the critical value. From the result in Table 2 the ADF 

test statistic values in all the cases were found greater than the critical value at 1%, 5% and 

10%, and hence we cannot reject the null hypothesis of unit root.  

Having found that the exchange rate is non-stationary, the data was transformed to 

returns. The transformation of the data to returns which is preferred in analysis of financial time 

series because they have attractive statistical property which is stationarity. The result 

Augmented Dickey Fuller test conducted on the exchange rate returns series revealed that at 

the first difference, the respective ADF test statistic at various options were less than their 

critical values at 1%, 5% and 10% for the exchange rate returns series which suggest that they 

became stationary. The result can be seen in Tables 3. The claim of stationarity of the returns 

series is also be supported by time plot of the returns in Figure 2 which appears to fluctuate 

around a common mean, implying the return is stationary. 

 
 

Figure 1. Plot of Naira to Dollar Exchange Rate 

 
 

Table 2. ADF Stationary Test OF Naira to Dollar Exchange Rate at Level form 

 

 
Test 

statistic 

1% Critical 

Value 

5% Critical 

Value 

10% Critical 

Value 
Conclusion 

Constant 0.617451 -3.459494 -2.874258 -2.573625 Not Stationary 

Constant/Linear 

Trend 
-1.338698 -3.999552 -3.430013 -3.1385155 Not Stationary 

None 1.9298 -2.575326 -1.942230 -1.615768 Not Stationary 
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Table 3. Stationary Test for the Return Series of Naira to Dollar Exchange Rate 

 

 Test statistic 
1% Critical 

Value 

5% Critical 

Value 

10% Critical 

Value 
Conclusion 

Constant -6.87667 3.876647 -2.874258 -2.573625 Stationary 

Constant/Linear 

Trend 
-7.063383 -3.999552 -3.430013 -3.138555 Stationary 

None -6.596469 -2.575326 -1.942249 -1.61570 Stationary 
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Figure 2. Plot of Returns series Naira to Dollar Exchange Rate 

 

 

3. 1. 2. Descriptive Statistics 

 

Table 4. Descriptive Statistics of the Two Returns Series 

 

 RDOLLAR 

Mean -1.178150 

Median 0.000000 

Maximum 9.750000 



World Scientific News 171 (2022) 65-81 

 

 

-74- 

Minimum -62.81000 

Std. Dev. 6.061138 

Skewness -6.504158 

Kurtosis 56.77641 

  

Jarque-Bera 28953.08 

Probability 0.000000 

  

Sum -267.4400 

Sum Sq. Dev. 8302.652 

 

 

Table 4 summaries the descriptive statistics of the Naira to Dollar exchange rate returns 

series. The result showed the negative mean of monthly exchange rate returns between Naira 

to Dollar. The standard deviation appears to be higher which follow the introduction of market 

determine exchange rate. The skewness is negatively skewed. This is an indication of a non-

symmetric series. The kurtosis is much larger than 3, the kurtosis for a normal distribution. 

Skewness indicates non-normality, while a large kurtosis suggests that distribution of the 

exchange rate return series is leptokurtic (i.e., exhibit fat tail), Jarque-Bera normality test 

statistic also indicate that neither return series has normal distribution. 

 

3. 2. The Result of Arch Effect  

The result of the test for ARCH effect indicates that there is ARCH effect in the variable. 

This was made clear from the result of ARCH LM test as well as the result of the 

Autocorrelation (AC), Partial Autocorrelation (PAC) and Q-stat as presented in Table 5 and 

Table 6. The ARCH LM test result showed the rejection of the null hypothesis of no ARCH 

effect with a probability Chi-Square value less than 0.05. On the other hand, the result of AC, 

PAC and Q-stat showed that the probability values are all zeros indicating the rejection of “no 

ARCH” hypothesis. Having confirm the presence of ARCH effect, we proceed to applied the 

GARCH models. 

 

Table 5. ARCH LM Test 

 

Returns 
ARCH LM 

Statistic P-value 

Dollar 12.3821 0.000 
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Table 6. Correlogram Q- Statistic 

 

 AC PAC Q-STAT P-VALUE 

1 0.896 0.874 112.73 0.0000 

2 0.758 0.354 231.00 0.0000 

3 0.660 0.233 332.74 0.0000 

4 0.684 0.199 420.98 0.0000 

5 0.548 -0.444 568.94 0.0000 

6 0.578 0.0018 611.05 0.0000 

 

 

3. 3. Estimation of GARCH Models for Naira to Dollar Exchange Rate Returns Series 

 

Table 7. GARCH Models with Normal Distributions for Naira to Dollar Exchange  

rate returns 

 

Symmetric GARCH model Asymmetric GARCH MODEL 

 GARCH (1,1) GJR-GARCH (1,1) EGARCH (1,1) 

 Value p-value Value p-value Value p-value 

Mean 

equation 
      

∝0 -0.6000338 0.0000 -0.85896 0.0000 -0.028555 0.0000 

Variance 

equation 
      

∝0 10.30713 0.0000 12.602962 0.0000 0.996639 0.0000 

α 0.060450 0.0003 -0.152125 0.0009 -0.534832 0.0000 

𝛾 - - 0.747823 0.0000 0.632422 0.0000 

𝛽 0.161212 0.0000 0.747823 0.0007 0.632422 0.0000 

AIC 5.623582 5.599753 5.415785 

BIC 5.699258 5.690564 5.506596 

H&Q 5.654122 5.636401 5.506596 

ARCH-

RM Test 
0.714079(0.3990) 0.0551195 (0.4585) 0.035564 (0.8445) 
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Table 8. GARCH Models with Student t distribution for Naira to Dollar Exchange 

Rate Returns 

 

Symmetric GARCH model Asymmetric GARCH MODEL 

 GARCH (1,1) GJR-GARCH (1,1) EGARCH (1,1) 

 Value p-value Value p-value Value p-value 

Mean 

equation 
      

∝0 0.002531 0.0000 0.002378 0.0000 0.011847 0.0000 

Variance 

equation 
      

∝0 6.849984 0.0006 1.023934 0.0000 0.218470 0.0000 

α 0.207122 0.0000 0.113963 0.0009 0.373169 0.0000 

𝛾 - - 0.133963 0.0003 -0.00321 0.0000 

𝛽 0.703289 0.0000 0.606573 0.0000 0.513163 0.0000 

AIC 3.133860 3.142994 3.565902 

BIC 3.224671 3.248940 3.678483 

H&Q 3.170508 3.185749 3.506596 

ARCH-

RM Test 
0.11123 (0.9161) 0.11148 (0.9160) 0.034765(0.8523) 

 

 

Table 9. GARCH Models with Generalized Error distribution for Naira to Dollar Exchange 

Rate Returns 

 

Symmetric GARCH model Asymmetric GARCH MODEL 

 GARCH (1,1) GJR-GARCH (1,1) EGARCH (1,1) 

 Value p-value Value p-value Value p-value 

Mean 

equation 
      

∝0 0.005418 0.0000 
3.17
× 10−6 

0.0000 
7.25
× 10−9 

0.0000 

Variance 

equation 
      

∝0 0.116616 0.0000 0.099949 0.0000 0.642999 0.0002 
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α 0.075104 0.0000 0.212573 0.0001 0.051802 0.0000 

𝛾 - - 0.780356 0.0000 -0.84317 0.0000 

𝛽 0500365 0.0000 0.040196 0.0000 0.255628 0.0000 

ˠ 0.254937 0.0000 0.044196 0.0000 0.255628 0.0000 

AIC 3.074212 3.020813 3.077272 

BIC 3.165432 3.126759 3.183221 

H&Q 3.111262 3.066368 3.120030 

ARCH-

RM Test 
0.014068 (0.9057) 0.02150(0.8835) 0.0366154 (0.8484) 

 

 

We have employed the symmetric GARCH model (GARCH (1,1)) and asymmetric 

GARCH Models (GJR- GARCH and EGARCH) process using normal distribution, student-t 

distribution and the generalized error distribution as shown in table 6, table 7 and table 8 

respectively. Result revealed that there is a strong GARCH and GJR-GARCH effects are 

apparent for the returns (see Table 7, Table 8 and Table 9) the sum of α and β are less than 1 

irrespective of the distribution. For the GARCH model, in the mean equation regardless of the 

distribution, the coefficients are statistically significant since the p-value < 0.05. The result 

implies the average exchange rate returns and its past value is significant to predict the current 

series. In the EGARCH model, the negative and significant leverage effect parameter (𝛾) 

indicates the presence leverage effect in the returns series which means that positive shock in 

the exchange rate market has less effect on conditional variance compare to negative shoch. 

This result is in agreement with the work of Ajayi (2019) 

 

3. 4. Model Diagnosis for GARCH Models for Naira to Dollar Exchange Rate Returns 

To validate our model, we applied the ARCH LM test to test our null hypothesis of no 

serial correlation to show that there is no more ARCH effect in the residuals of the models.The 

result of both the symmetric and asymmetric GARCH Models with normal distribution, student 

t distribution and generalized error distribution from Table 10 revealed that the p-values in all 

the distributions were above 5% level of significance, we can conclude that there exist no more 

ARCH effect leading to the conclusion that all the models are correctly specified or fitted.  

 

Table 10. ARCH LM Test for Naira to Dollar Returns GARCH Models 

 

ARCH LM TEST 

  VALUE P-VALUE 

NORMAL 

DISTRIBUTION 

GARCH (1,1) 0.71407 0.3990 

GJR-GARCH 0.55119 0.4585 
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EGARCH 0.03456 0.8445 

STUDENT T 

DISTRIBUTION 

GARCH (1,1) 0.01112 0.9161 

GJR-GARCH 0.01114 0.9160 

EGARCH 0.03477 0.8523 

GENERALISED 

ERROR 

DISTRIBUTION 

GARCH (1,1) 0.01407 0.9057 

GJR-GARCH 0.02159 0.8835 

EGARCH 0.03661 0.8484 

 

 

3. 5. Forecast Evaluation of symmetric and Asymmetric GARCH Models for Naira to  

        Dollar Returns 

Since the aim of our work is to compare the forecasting ability of the symmetric and 

asymmetric GARCH model, we estimated variance for all the models for full sample period 

using static forecast. Then will compare the forecasting performance of the models which have 

been used in this research. We employed three statistic for forecast evaluation. The three 

measures of accuracy are root mean square error (RMSE), mean absolute error (MAE) and 

Theil’s inequality coefficient (TIC). From the result in Table 11, The RMSE is the square root 

of the calculated MSE and must be as small as possible; the value of the RMSE for all the 

models is below 1 which is generally acceptable. The MAE measures the average absolute 

deviation of forecasted values from original ones and for a forecast to be good, the MAE must 

be as small as possible. In our study the values of MAE are fairly small and acceptable in all 

the models giving credence to the fact the forecast for all the models is good. The Theil’s 

inequality coefficient, which is a normalized measure of total forecast error must lie between 0 

and 1. The closer the value to 1 the better the forecast. In our work all the values of the Theil’s 

inequality coefficients are between 0 to 1 and closer to 1 which is a good indication that our 

forecast is good. 

Since the aim of the work is to compare the forecast performance between the GARCH 

models, we compare the in-sample performance of the nine models. Evidence from table 10 

revealed that GJR-GARCH model has best forecasting performance.  

 

Table 11. Forecast Evaluation of Naira to Dollar Returns GARCH Models 

 

 Normal distribution Student t Distribution GED 

 
GARCH 

(1,1) 

GJR-

GARCH 
EGARCH 

GARCH 

(1,1) 

GJR-

GARCH 
EGARCH 

GARCH 

(1,1) 

GJR-

GARCH 
EGARCH 

RMSE 0.069291 0.053438 0.062844 0.07740 0.074367 0.076288 0.084963 0.073908 0.080398 

MAE 0.034214 0.025878 0.032525 0.061694 0.061463 0.063387 0.073024 0.061884 0.086091 

TIC 0.862541 0.999662 0.919381 0.997760 0.997715 0.998240 0.764554 0.999039 0.992448 
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4.  CONSLUSIONS 

 

Volatility is one of the most important issues in finance, because it represents a measure 

for both the asset risk and the error sizes. Furthermore, estimate volatility is fundamental to 

make forecast about the future dynamics of exchange rate and financial variables in general. 

The most common approaches in the literature about volatility forecasting assume that it 

is heteroskedastic, which means that it is not constant over the time, feature which is well shown 

in a lot of empirical papers (e.g., Bollerslev, 1986). To model the heteroscedasticity of financial 

time series, the ARCH (autoregressive conditional heteroskedastic) model was proposed by 

Engle (1982) as method for forecasting and estimating volatility. 

In the common practice GARCH (1,1) model is the most commonly used to forecast 

volatility, since it is proved (Bollerslev, 1986) that the much simpler GARCH (1,1) is able to 

represent an infinite ARCH process. Nevertheless, the GARCH model as in the classical 

specification is not the most accurate model in terms of both estimation and prediction of 

volatility. Indeed, it is well known that financial returns are non-normally distributed, with a 

large number of papers which showed empirically this statement. 

In view of the above, this work examines three GARCH models viz, GARCH (1,1), GJR-

GARCH, and EGARCH using three different distributions, the normal distribution, student-t 

distribution and the Generalized error distribution in order to compare their forecasting ability 

for the volatility of the Nigeria exchange rate returns. The results revealed the present of ARCH 

and GARCH effect in the data which in indicate that the volatility in the exchange rate returns 

is characterized by persistence and asymmetric effect. These results are consistence with the 

results of Bala and Asemota (2013), Ajayi (2019) and Nnandi and David (2012). 

Finally, we compare the forecast performance of the GARCH models. The result revealed 

that GJR-GARCH model has the best forecasting performance for the exchange rate returns 

series irrespective of the distribution adopted.  
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