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ABSTRACT 

This paper modeled Nigeria exchange rate using the GARCH model with three distributions, the 

normal distribution, student-t distribution and the generalized error distribution with the aim of 

comparing their ability to appraise excess kurtosis in closeness to the theoretical value of kurtosis. The 

data applied in this study is Nigeria exchange rate of Naira against British Pound sterling from 2002 to 

2020, comprising of 228 observations. The result from the analysis revealed that GARCH (2, 1)-std, 

was the best model for Naira to Pound exchange rate return series. The selection was based on minimum 

information criteria and its ability to appraise excess kurtosis in closeness to the theoretical value of 

kurtosis.  The result of the fitted model also indicate that the parameters are significant and that volatility 

is persistent. Diagnostic analysis of the selected model revealed that the model was correctly specified 

with no ARCH effect and autocorrelation in the residuals of the models. Our study has also has proven 

that the GARCH model with respect to student distribution perform better in terms of appraising excess 

kurtosis in closeness to the theoretical value of kurtosis. 
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1.  INTRODUCTION 

 

Model selection is the task of selecting a statistical model from a set of candidate models 

(Akpensuen et al. 2019). The objective of model selection is to discover a model that optimizes 
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a process because exact model that described a particular series is not known. Also, model 

selection is useful in comparing competing models for the purpose of selecting the best model 

that describe the series. One sensitive challenge of model selection is that several competing 

models may fit a particular series appropriately. According to Moffat and Akpan (2014) 

inappropriate model selection results in a choice of a poor model with far reaching 

consequences. Ette Harrison (2012) Opined that modeling is approximation of reality, thus 

model selection is to reject a model far from reality and select that which is close to reality. 

It is important note that one of the major setbacks to linear stationary models when 

applying to financial data is their failure to account for changing variance. In other words, 

whenever the assumption of constant variance is violated, heteroscedasticity (changing variance 

conditional on the past information) has occurred, implying that the conditional distribution of 

the dependent variable has different degree of variability at different level (Apkan et al. 2021). 

Accordingly, beginning with Engle’s (1982) autoregressive conditional 

heteroscedasticity (ARCH) model, several models have already been developed to model 

volatility. Different models have aimed to capture different features of volatility. For example, 

while some models are only used to model “volatility clustering, others are used to capture the 

“leverage effect. However, it is widely recognized among researchers that because of increased 

kurtosis, along with an increase in data frequency, the rate of return in financial or 

macroeconomic variables as exchange rates might have a levy distribution, or a fat tail. Thus, 

volatility models should not be considered under the general normality assumption for errors, 

because if the errors are not thus, then volatility forecasting based on such models will be 

misleading. 

The generalized autoregressive conditional heteroscedastic (GARCH-type) models were 

introduced to account for kurtosis, a phenomenon which occurs as a result of violation of 

assumption of constant variance in time series. The GARCH-type models are further divided 

into symmetric and asymmetric. The symmetric GARCH models (for example ARCH and 

GARCH) rely on modeling the conditional variance as a linear function of squared past 

residuals. The strength of this specification is in allowing the conditional variance to depend 

only on the modulus of the past variables (past positive and negative innovations have the same 

effect on the current conditional variance) (Akpan et al. 2021). One important behavior not 

handled by GARCH model is the leverage effect (Engle and Ng 1993; Francq and Zakoian 

2010).The asymmetric specifications (for example EGARCH and GJR-GARCH) allow for the 

signs of the innovations (returns) to have impact on the volatility apart from magnitude (see 

also Akpan et al. 2019). 

The GARCH-type models are commonly specified under the assumption that the error 

follows a normal distribution. But the assumption of normal distribution always appears to be 

insufficient in accommodating some characterizations of financial data especially fat-

tailedness, which is due to excess kurtosis (Moffat and Akpan 2017). Kurtosis is purportedly, 

the measure of the degree of peakedness of distribution of real random variables while kurtosis 

coefficient is defined as the ratio of the fourth-order moment, which is assumed to exist, to the 

squared second-order moment.  

This coefficient is equal to 3 for a normal distribution and also serves as a gauge for other 

distributions (Francq and Zakoian 2010). If a distribution of returns has more returns clustered 

around the mean, it is referred to as leptokurtic or highly peaked, which leads to 

heteroscedasticity (changing variance). It is this feature of stock returns that provides a more 

practical and expedient reason for entertaining GARCH models (Noah et al. 2013). 
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Several studies modeling Nigeria exchange rate has failed to appraise excess kurtosis 

when applying the GARCH model on Nigeria exchange rate. Musa et.al., (2014) also examine 

volatility of the Naira/US dollar rate using symmetric GARCH, GJR-GARCH, TGARCH and 

TSGARCH models with daily data covering the period June 2000-July 2011. Statistically 

significant asymmetric effects were reported from the fitted GJR-GARCH and TGARCH 

models. Also interns of forecast performance, the TGARCH model was reported to provide 

better forecast than the other models. Meanwhile, Olowe R. O. (2009) investigated 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. The result was the same 

for the fixed exchange rate period and managed float rate regime. The results from all the 

asymmetry models rejected the hypothesis of leverage effect. The APARCH model and GJR-

GARCH model for the managed floating rate regime show the existence of statistically 

significant asymmetry effect.  

The TSGARCH and APARCH models are found to be the best models. However, the 

study failed to appraise excess kurtosis in the model. In another study, Ajao and Obafemi (2017) 

in their work titled “modeling Dollar-Naira exchange rate in Nigeria” employed the Box-

Jenkins ARIMA methodology to forecast the yearly data collected from 1972 to 2017. The 

result revealed that the series became stationary at first difference. The diagnostic checking 

revealed that ARIMA (0, 1,1) was optimal model base on the log-likelihood, (loglik), Akaike’s 

information criterion (AIC) and the Bayesian information criterion (BIC). Their study also 

failed to appraise excess kurtosis. Several studies such as Nwanko (2014), Onasanya and 

Adeniji (2012), Olowe (2009), Bala Asamota (2013), Musa et al.(2014), Osbuohien (2013), 

Tran Mwang (2016), Nnandi and David (2012), Muhammed and Adulmuahymin (2017), 

Akpensuen et al. (2019), Thabani N (2018), Oladejo and Abdulahi (2015), Olarenwaju and 

Olaoluwa (2008), Ranzan and Zahid (2012), Gaddafi et al. (2012) also failed to appraise excess 

kurtosis in their various models. 

Therefore, this study makes an effort to apply the GARCH model to appropriately model 

Nigeria exchange rate of Naira against the British Pound taking into account the issue of 

Kurtosis and error distribution assumption by incorporating the normal distribution, student t-

distribution and the error distribution in the model with the aim comparing their abilities to 

capture excess kurtosis in proximity of the theoretical value of kurtosis.  

 

 

2.  MATERIALS AND METHODS 

2. 1. Returns  

Most financial studies involve returns, Adesina et al (2017) give two main reasons for 

using returns. First, for average investors, return of an asset is a complete and scale free 

summary of the investment opportunity. Second, returns series are easier to handle than actual 

series because the former have more attractive statistical properties. Although volatility is not 

directly observable, it has some properties that are commonly seen in returns. These properties 

are volatility clustering, leptokurtosis and leverage effect. 

The return series 𝑅𝑡 can be obtained given that 𝐸𝑡 is the exchange rate at time, t and 

𝐸𝑡−1  is the exchange rate at time t−1. 

𝑅𝑡 = ∇𝑙𝑛𝐸𝑡  = (1 − 𝐵)𝑙𝑛𝐸𝑡   = 𝑙𝑛 𝐸𝑡  − 𝑙𝑛                                                                        (1) 
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The 𝑅𝑡 in equation (1) is regarded as a transformed series of the exchange rate, 𝐸𝑡, which 

is meant to attain stationarity, that is, both mean and variance of the series are expected to be 

stable (Akpan and Moffat, 2017; Akpan and Moffat, 2015; Karlsson, 2013). The letter 𝐵 is the 

backshift operator. 

 

2. 2. Symmetric GARCH 

Symmetric GARCH models (for example ARCH and GARCH) rely on modeling the 

conditional variance as a linear function of squared past residuals. The strength of this 

specification is in allowing the conditional variance to depend only on the modulus of the past 

variables (past positive and negative innovations have the same effect on the current conditional 

variance). 

 

2. 2. 1. 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,  
 

𝜎𝑡
2 =  𝛼0 + 𝛼1𝑎𝑡−1

2 + ⋯ +  𝛼𝑞𝑎𝑡−𝑞
2                                                                                      (2) 

 

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, 𝑎𝑛𝑑 𝛼1, . . , 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. 2. Properties of ARCH Models 

To understand the ARCH models, it pays to carefully study the ARCH (1) model. Tsay 

(1986) defines ARCH (1) model as; 

 

𝑎𝑡 =  𝜎𝑡𝑒𝑡  

 

𝜎𝑡
2 =  𝛼0 + 𝛼1𝑎𝑡−1

2                                                                                                                (3) 

 

where 𝛼0> 0 and 𝛼1 ≥ 0. First, the unconditional mean of 𝑎𝑡 remains zero because:  
 

𝐸(𝑎𝑡) = 𝐸[𝐸(𝑎𝑡/𝐹𝑡−1)] = 𝐸[𝜎𝑡𝐸(𝑒𝑡)] = 0.  
 

Second, the unconditional variance of 𝑎𝑡 can be obtained as:  
 

Var(𝑎𝑡) = 𝐸(𝑎𝑡
2) = 𝐸[𝐸(𝑎𝑡

2/𝐹𝑡−1)] = 𝐸(𝛼0 + 𝛼1𝑎𝑡−1
2 ) = 𝛼0 + 𝛼1𝐸(𝑎𝑡−1

2 ).  
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Because 𝑎𝑡 is a stationary process with E(𝑎𝑡) =  0,   Var(𝑎𝑡) =  Var (𝑎𝑡−1) =   E(𝑎t−1
2 ) 

therefore, we have Var(𝑎𝑡) = 𝛼0 + 𝛼1Var(𝑎𝑡)⇒Var(𝑎𝑡) =
𝛼0

1−𝛼1
  . 

Since the variance of 𝑎𝑡 must be positive, we require that, 0 ≤ 𝛼1< 1. 

Third, in some applications, we need higher order moments of 𝑎𝑡 to exist and hence,  𝛼1 

must also satisfy some additional constraints. For instance to study its tail behaviour, we require 

that the fourth moment of 𝑎𝑡 is finite (Tsay, 1986). 

Under the normality assumption of 𝑒𝑡 in equation (3), we have that 

𝐸(𝑎𝑡
4/𝐹𝑡−1) = 3[𝐸(𝑎𝑡

2/𝐹𝑡−1)]2  = 3(𝛼0 + 𝛼1𝑎𝑡−1
2 )2.  

Therefore,  

E(𝑎𝑡
4) = 𝐸[𝐸(𝑎𝑡

4/𝐹𝑡−1)] = 3𝐸(𝛼0 + 𝛼1𝑎𝑡−1
2 )2 = 3𝐸(𝛼0

2 +  2𝛼0𝛼1𝑎𝑡−1
2 + 𝛼1

2𝑎𝑡−1
4 ) If  𝑎𝑡 is 

fourth order stationary with 𝑚4 = 𝐸(𝑎𝑡
4), then we have 

𝑚4 = 3[𝛼0 
2 + 2𝛼0𝛼1Var(𝑎𝑡) + 𝛼1 

2 𝑚4 ]  = 3𝛼0
2 (1 + 2 

𝛼1

1−𝛼1
) +  3𝛼1

2𝑚4,  consequently, 

𝑚4 =
3𝛼0

2 (1+ 𝛼1)

(1−𝛼1)(1−3𝛼1
2)

 , (Tsay, 1986). 

This result has two important applications: 

(i) Since the fourth moment of 𝑎𝑡 is positive, we see that 𝛼1 must satisfy the condition 

1−3𝛼1 
2 > 0, that is, 0 ≤ 𝛼1 

2 <
1

3
 . 

(ii) The unconditional kurtosis of 𝑎𝑡  is 
 

𝐸(𝑎𝑡
4)

[𝑉𝑎𝑟(𝑎𝑡)]2
= 3

𝛼0
2(1+ 𝛼1)

(1−𝛼1)(1−3𝛼1
2)

×
(1−𝛼1)2

𝛼0
2 =

3(1−𝛼1
2)

1−3𝛼1
2 > 3. 

 

Thus, the excess kurtosis of 𝑎𝑡 is positive and the tail distribution of 𝑎𝑡 is heavier than 

that of a normal distribution (Tsay, 2010). 

 

2. 2. 3. 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. 2. 4. GARCH Model  

Although the ARCH model is simple it often requires many parameters to adequately 

describe the volatility process of a return series. Some alternative models must be sought. 

Bollerslev (1986) proposed a useful extension known as the generalized ARCH (GARCH) 

model. For a return series, 𝑅𝑡, let  𝑎𝑡 = 𝑅𝑡 − 𝜇𝑡  be the innovation at time t. Then, 𝑎𝑡 follows a 

GARCH (q, p) model if  
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𝑎𝑡 =  𝜎𝑡𝑒𝑡, 

𝜎𝑡
2 =  𝛼𝑜 +  

𝑞
∑

𝑖 = 1
𝛼𝑖𝑎𝑡−𝑖

2 +

𝑝
∑

𝑗 = 1
𝛽𝑗𝜎𝑡−𝑗

2                                                                                (4) 

 

where again 𝑒𝑡 is a sequence of i.i.d. random variance with mean, 0, and variance,  

1, 𝑎𝑜 > 0, 𝛼𝑖 ≥ 0, 𝛽𝑗 ≥ 0, 𝑎𝑛𝑑
𝑚𝑎𝑥(𝑝, 𝑞)

∑
𝑖 = 1

(𝛼𝑖 +  𝛽𝑖) <  1 (Tsay, 2010). 

 

Here, it is understood that 𝛼𝑖 = 0,  for 𝑖 > 𝑝, and 𝛽𝑖 = 0, for 𝑖 > 𝑞. The latter constraint 

on 𝛼𝑖 + 𝛽𝑖 implies that the unconditional variance of 𝑎𝑡 is finite, whereas its conditional 

variance 𝜎𝑡
2, evolves over time. In most cases, estimates of the GARCH (1,1) model on returns 

yield 𝛼1 +  𝛽1 ≈ 1, and this result in an explosive process, that is, the volatility process is not 

mean-reverting. So, the conditional variance is nearly integrated (Integrated GARCH model) 

(Tsay, 2010).  

As before, 𝑒𝑡 is often assumed to be a standard normal or standardized student-t 

distribution. Equation (4) reduces to a pure ARCH (q) model if p = 0. The 𝛼𝑖 and 𝛽𝑗 are referred 

to as ARCH and GARCH parameters, respectively.  

Thus, a GARCH model can be regarded as an application of the ARMA idea to the 

squares of series 𝑎𝑡
2. Using the unconditional mean of an ARMA model, we have  

 

𝐸(𝑎𝑡
2) =  

𝛼𝑜

1   −
max(𝑝,𝑞)

∑
𝑖=1

(𝛼𝑖+ 𝛽𝑖)

 , provided that the denominator of prior fraction is positive.  

 

According to Tsay (2010), the strengths and weaknesses of GARCH models can easily 

be seen by focusing on the simplest GARCH (1,1) model with  

 

𝜎𝑡
2 =  𝛼𝑜 +  𝛼1𝑎𝑡−1

2 +  𝛽1𝜎𝑡−1
2   ,                                                                                             (5) 

 

0 ≤ 𝛼1, 𝛽1 ≤ 1 , (𝛼1 +  𝛽1) <  1.  

 

First, a large 𝑎𝑡−1
2 𝑜𝑟𝜎𝑡−1

2  gives rise to a large 𝜎𝑡
2. This means that a large 𝑎𝑡−1

2  tends to be 

followed by another large 𝑎𝑡
2, generating, again, the well-known behaviour of volatility 

clustering or persistence in financial time series.  

Second, it can be shown that if  

 

1 − 2𝛼1
2 −  (𝛼1 +  𝛽1)2> 0, then,   

𝐸(𝑎𝑡
2)

[𝐸(𝑎𝑡
2)]2

=
3[1−(𝛼1+ 𝛽1)2]

1−(𝛼1+ 𝛽1)2−2𝛼1
2 > 3. 

 

Consequently, similar to ARCH models, the tail distribution of a GARCH (1,1) process 

is heavier than that of a normal distribution.  

Third, the model provides a simple parametric function that can be used to describe the 

volatility evolution. 



World Scientific News 167 (2022) 69-85 

 

 

-75- 

2. 3. Asymmetric GARCH 

Despite the apparent success of the GARCH model, it cannot still capture some important 

features of the financial data. However, 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. 3. 1. EGARCH Model 

The Exponential GARCH (EGARCH) model represents a major shift from ARCH and 

GARCH models (Nelson, 1991). Rather than modeling the variance directly, EGARCH models 

the natural logarithm of the variance, and so no parameter restrictions are required to ensure 

that the conditional variance is positive. The EGARCH (q, p) is defined as,   

𝑅𝑡 = 𝜇𝑡 + 𝑎𝑡,      𝑎𝑡 =  𝜎𝑡𝑒𝑡,  

𝑙𝑛𝜎𝑡
2  =  𝛼0  +  ∑ 𝛼𝑖 |

𝑎𝑡−𝑖

√𝜎𝑡−𝑖
2

|𝑞
𝑖=1 +  ∑ 𝛾𝑘

𝑟
𝑘=1 (

𝑎𝑡−𝑘

√𝜎𝑡−𝑘
2

) +  ∑ 𝛽𝑗
𝑝
𝑗=1 𝑙𝑛𝜎𝑡−𝑗

2                                    (6) 

Alternatively, EGARCH (q, p) model can be represented by 

 

𝑙𝑛𝜎𝑡
2  =  𝛼0  +  ∑ 𝛼𝑖

|𝑎𝑡−𝑖|+ 𝛾𝑖𝑎𝑡−𝑖

𝜎𝑡−𝑖

𝑞
𝑖=1  +   ∑ 𝛽𝑗

𝑝
𝑗=1 𝑙𝑛𝜎𝑡−𝑗

2                                                           (7) 

 

where again, 𝑒𝑡 is a sequence of i.i.d. random variance with mean, 0, and variance, 1, and  𝛾𝑘 

is the asymmetric coefficient. In the original parameterization of Nelson (1991), p and r were 

assumed to be equal. The process is covariance stationary if and only if ∑ 𝛽𝑗
𝑞
𝑗=1 < 1. 

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
− )] where K > 0. If 

the estimates of 𝜌(𝑎𝑡
+, 𝑎𝑡−ℎ)seem to be significantly negative, then 𝐶𝑜𝑣(𝜎𝑡 , 𝑎𝑡−ℎ

+ ) 

< 𝐶𝑜𝑣(𝜎𝑡, −𝑎𝑡−ℎ
− ), which can be interpreted as a higher impact of the past price decreases on 

the current volatility, compared to the past price increases of the same magnitude. 

This phenomenon, 𝐶𝑜𝑣(𝜎𝑡, 𝑎𝑡−ℎ) < 0, is known as the leverage effect which implies that 

volatility tends to increase dramatically following bad news (that is, a fall in prices), and to 

increase moderately (or even to diminish) following good news (Francq and Zakoian, 2010).  

Also, in equation (7), a positive 𝑎𝑡−𝑖 contributes  𝑎𝑖(1 + 𝛾𝑖)|𝜖𝑡−𝑖| to the log conditional 

variance, whereas a negative 𝑎𝑡−𝑖 gives 𝑎𝑖(1 − 𝛾𝑖)|𝜖𝑡−𝑖|, where 𝜖𝑡−𝑖 =  
𝑎𝑡−𝑖

𝜎𝑡−𝑖
⁄ .  
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The 𝛾𝑖 parameter thus signifies the leverage effect of  𝑎𝑡−𝑖. Again, we expect 𝛾𝑖 to be 

negative in real applications (Tsay, 2010). For the purpose of this study, we shall apply the 

GARCH model to the data. 

 

2. 4. Information Criteria  

There are several information criteria available to determine the order, p, of an AR 

process and the order, q, of MA(q) process, all of them are likelihood based. The well-known 

Akaike information criterion (AIC), (Akaike, 1973) is defined as 

 

AIC =
−2

𝑇
𝑙𝑛(likelihood) +  

2

T
x (number of parameters)                                                   (8)   

 

where the likelihood function is evaluated at the maximum likelihood estimates and T the 

sample size. For a Gaussian AR (p) model, AIC reduces to  

 

𝐴𝐼𝐶(𝑃) = 𝑙𝑛(�̂�𝑃
2) +  

2𝑃

𝑇
                                                                                                            (9) 

 

where �̂�𝑃
2 is the maximum likelihood estimate of �̂�𝑎

2, which is the variance of 𝑎𝑡, and T is the 

sample size. The first term of the AIC in equation (12) measures the goodness-of-fit of the 

AR(p) model to the data whereas the second term is called the penalty function of the criterion 

because it penalizes a chosen model by the number of parameters used. Different penalty 

functions result in different information criteria. 

The next commonly used criterion function is the Schwarz information criterion (SIC), 

(Schwarz, 1978). For a Gaussian AR(p) model, the criterion is  

 

𝑆𝐼𝐶(𝑃) =  𝑙𝑛(�̂�𝑃
2) +  (

𝑃𝑙𝑛(𝑇)

𝑇
).                                                                                               (10) 

 

Another commonly used criterion function is the Hannan Quinn information criterion (HQIC), 

(Hannan and Quinn, 1979). For a Gaussian AR (p) model, the criterion is  

 

𝐻𝑄𝐼𝐶(𝑃) =  𝑙𝑛(�̂�𝑃
2) +  

𝑙𝑛 {𝑙𝑛(𝑇)}

𝑇
 .                                                                                            (11) 

 

The penalty for each parameter used is 2 for AIC, 𝑙n (T) for SIC and 𝑙n{𝑙n(T)} for HQIC. 

These penalty functions help to ensure selection of parsimonious models and to avoid choosing 

models with too many parameters.  The AIC criterion asymptotically overestimates the order 

with positive probability, whereas the BIC and HQIC criteria estimate the order consistently 

under fairly general conditions. 

 

 

3.  RESULT AND DISCUSSION 

3. 1. Data 

Monthly data on the Nigerian Naira exchange rate against that of the British Pound made 

available by the Central Bank of Nigeria at www.cenbank.org were used. The data used spanned 

from January, 2002 to December, 2020. All the exchange rate series comprised 228 data points.  
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3. 2. Graphical Analysis of the Three Exchange Rate Series 

Figures 1, represent the exchange rate of the series. It could be observed that the exchange 

rate series do not fluctuate around a common mean, which clearly indicate the presence of a 

stochastic trend in the three series. Unstable series such as these cannot be used for further 

statistical conclusions because of their implications. This non-stationarity needs the 

transformation of the series. This is also an evidence of non-stationarity of the series 

 

 
 

Figure 1. Time Plot of Naira to Pound Exchange Rate 

 

 

3. 3. Stationarity Test of the Exchange Rate Series 

To test for stationarity of the series, we applied Augmented Dickey Fuller test as shown 

in Tables 1. At level form, the series was not stationary because ADF test statistic at 1%  

(-3.456408), 5% (-2.872904) and 5% (-2.572900) were less than the corresponding value of 

level of significance (0.566422). Further evidence of non-stationarity can be confirmed in 

Figures 1 
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Table 1. ADF Test Result of Naira to Pound Exchange Rate. 

 

 t-Statistic Prob.* 

Augmented Dickey-Fuller test statistic 0.566422 0.9886 

Test critical values: 

1% level -3.456408  

5% level -2.872904  

10% level -2.572900  

*MacKinnon (1996) one-sided p-values.  

    

 

The Naira to British Pound exchange rate became stationary after that data was 

transformed to returns as evident in Figure 2 and the ADF statistic in Table 2. The result of the 

ADF statistic in Table 2 revealed that at 1% (-3.456408), 5% (-2.872904) and 10% (-2.572900) 

were greater than the corresponding value of level of significance (-13.16001). The stationarity 

of the series can also be confirmed in Figure 2.  
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Figure 2. Returns series of Naira to Pound exchange rate 

 

 

Figure 2 reports the results of the test of clustering volatility in the residuals or error term. 

The Figure shows that large and small errors occur in clusters, which imply that large returns 
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are followed by larger returns and small returns are further followed by small returns. In other 

words, the Figure suggests that periods of high exchange rate are usually followed by further 

periods of high exchange rate, while low exchange rate is likely to be followed by much low 

exchange rate. This clustering volatility suggests that residual or error term is conditionally 

heteroscedastic and it can be estimated by ARCH and GARCH models. 

 

Table 2. ADF Test of the Return Series of Naira to Pound Exchange Rate Series 

 

 t-Statistic Prob.* 

Augmented Dickey-Fuller test statistic -13.16001 0.0000 

Test critical values: 

1% level -3.456408  

5% level -2.872904  

10% level -2.572900  

 

3. 4. Summary statistics 

Table 3 is the summary statistics for the returns of the Naira to British Pound exchange 

rate. From the table, the expected returns for the series show small values. The standard 

deviation is also all greater than the expected return. The negative skewness for the exchange 

rate series is a suggestion that the lower tail of the distribution is thicker than the upper tail 

which implies that the returns drops more often than it rises, reflecting the lack confidence in 

the market. A big value of excess kurtosis signposts a substantial peak in the distribution 

(leptokurtic) is clearly observed for the monthly return. The JB test is also meaningfully large 

for the returns. Evidence arising from the summary statistics supports the subjection of the 

return series to volatility models 

 

Table 3. Summary Statistics of the Three Exchange Rates Series 

Statistics Pound 

Mean -1.2003 

Median -0.0800 

Minimum -76.390 

Maximum 58.7800 

Std 10.426 

Skewness -2.80902 

Excess Kurtosis 21.34833 
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J.B Statistics 3851.145 

Probability (0.0001) 

Observation 252 

 

 

3. 5. Hetroscedasticity Test 

The results of the heteroscedasticity test for the returns are in Table 4 reveal that the null 

hypothesis of no ARCH effect is rejected for the exchange rate series implying there is arch 

effect in the returns.  

 

Table 4. Testing for Arch Effect 

 

Currency ARCH LM 

 Statistic P-value 

Pound 69.6641 0.0001 

 

 

3. 6. GARCH Model for Naira to Pound Returns Series 

 

Table 5. GARCH Model Selection for Return Series of Naira to Pound Exchange Rate 

Model Probability 
Model selection criteria Best fit 

AIC BIC HQIC  

Garch (1,1) 

Normal 7.487352 7.557781 7.515698  

Std 6.656725 6.757326 6.694098  

Ged 6.590909 6.675424 6.624924  

Garch (1,2) 

Normal 7.492381 7.577796 7.524924 
Garch  

(2,1)-std 

Std 6.714919 6.813251 6.724600  

Ged 6.656523 6.749124 6.690207  

Garch (2, 1) 

Normal 7.416730 7.501245 7.456744  

Std 6.377928 6.377886 6.318989  

Ged 6.489668 6.574183 6.523682  
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From the Table 5 nine models were fitted tentatively for the returns of Naira to British 

Pound exchange rate, based on the information selection criteria GARCH (2, 1)-std is the best 

model with minimum information criteria. Having identified GARCH (2, 1) with student t, 

distribution, we progress to diagnosing the model 

 

3. 7. Model Diagnostics of GARCH (2,1)-std for Naira to Pound Return Series 

We use diagnostic test of the model residuals to check if the model has adequately fitted 

the series. The Lagrange Multiplier’s test is used to check for heteroscedasticity in the fitted 

models and the ACF and PACF of the standardized residuals squared to check for the 

autocorrelation in the residuals. A good model should reveal no herteroscedasticity and serial 

correlations in the residual. The results of these tests are given in Table 6. Using the ARCH-

LM test, the residuals show no heterocedasticity left in the residual with all p-values greater 

than 0.01 and 0.05 for the model. The ACF and PACF from Table 7 also show no serial 

correlation in the residual up to the 20th lag. These results confirmed the adequacy of the fitted 

model. 

 

Table 6. Heteroskedasticity ARCH Test for GARCH (2,1)-Ged 

 

F-statistic 0.004486 Prob. F(1,247) 0.9467 

Obs*R-squared 0.004522 Prob. Chi-Square(1) 0.9464 

 

 

Table 7. Autocorrelation in the Standardized Residual Squared of GARCH (2,1) model  

of Naira to Pound Return Series 

 

 AC PAC Q-Stat Prob* 

1 -0.059 -0.059 0.8816 0.348 

2 -0.031 -0.035 1.1302 0.568 

3 -0.038 -0.042 1.4922 0.684 

4 -0.065 -0.072 2.5777 0.631 

5 0.121 0.111 6.3453 0.274 

6 -0.044 -0.037 6.8492 0.335 

7 -0.070 -0.074 8.1361 0.321 

8 -0.029 -0.036 8.3559 0.399 

9 0.052 0.057 9.0524 0.432 
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10 0.022 0.001 9.1761 0.515 

11 0.009 0.011 9.1972 0.604 

12 -0.110 -0.097 12.414 0.413 

13 0.038 0.038 12.788 0.464 

14 0.050 0.033 13.461 0.491 

15 -0.010 -0.013 13.490 0.565 

16 -0.040 -0.048 13.912 0.605 

17 -0.021 0.012 14.027 0.665 

18 0.073 0.061 15.458 0.630 

19 0.023 0.005 15.600 0.684 

20 -0.049 -0.052 16.248 0.701 

 

 

Table 8. Parameter Estimates of GARCH (2,1)-std Model of Naira to Pound Returns Series 

 

GARCH (2, 1)-std Coefficient p-value 

Mean 
Constant -0.165771 0.0005 

Lag value 0.061316 0.0043 

Variance 

Constant 0.078552 0.0010 

ARCH1 effect (𝛼1) 0.027191 0.0054 

ARCH2 effect (𝛼2) 0.334983 0.0079 

GARCH1 effect (𝛽1) 0.502795 0.0035 

 𝛼1 + 𝛼2 + 𝛽1 0.864969  

 

 

Mean equation: 

 

𝑃𝑜𝑢𝑛𝑑̂
𝑡 = −0.165771 + 0.061316𝑃𝑜𝑢𝑛𝑑̂

𝑡−1 

 

Variance equation: 

 

ℎ�̂� = 0.078552 + 0.502795ℎ̂𝑡−1 + 0.027191ℎ̂𝑡−1
2 + 0.334983ℎ̂𝑡−1

2  
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The parameter’s estimates of the GARCH (2,1)-std model from Table 8 are statistically 

significant. This suggests that volatility from the previous periods has a power of explaining 

the current volatility condition The constant for the variance equation is approximately equal 

to zero; this shows that current volatility is heavily premised on squared lagged residuals and 

previous stock return volatility. The results also indicate that the persistence in volatility, as 

measured by the sum of 𝛼1, 𝛼2 and 𝛽1 in the  models, is closer to one (0.864969), indicating 

that changes in the conditional variance are persistence. In other words, a large sum of these 

coefficients will imply that a large positive or a large negative return will lead future forecasts 

of the variance to be high for a protracted period. 

 

3. 8. Comparison of Kurtosis Value Captured by the GARCH (1,1)-norm, GARCH  

        (1, 1)-std and GARCH (1,1)-ged Models to the Theoretical Value of kurtosis  

Result from Table 9 revealed that GARCH (2, 1)-std was adjudged the best model by 

capturing the value of excess kurtosis in closer proximity than the other competing models  

 

Table 9. Comparison of the value of kurtosis captured by the GARCH models for Naira to 

pound with theoretical value 

 

Model 
Theoretical value of 

Kurtosis 

Value of kurtosis 

capture by the 

GARCH Model 

GARCH (2,1)-norm 3 17.9083. 

GARCH (2,1)-std 3 10. 8741 

GARCH (2,1)-ged 3 15.9902 

 

 

4.  CONCLUSIONS 

 

Various GARCH models were fitted with variations being made to the conditional 

probability distributions such as normal distribution, student-t and generalized error 

distributions. GARCH (2, 1)-std was selected based on the minimum information criteria and 

it ability to capture excess kurtosis in proximity to the theoretical value of kurtosis. 

The GARCH-std models provided a better fit than GARCH with other distributions 

because it was able capture more excess kurtosis in close proximity to the theoretical value of 

kurtosis. The fitted model removed the serial correlation and heteroscedasticity in the residual.  

Impressively, our study revealed that GARCH model with respect to student-t distribution 

efficiently captured the excess kurtosis in close proximity to the theoretical value of kurtosis 

than GARCH with other distributions. Given that this work was based on the assumption that 

exchange rate returns series are uncorrelated and the selected models could not completely 

capture the excess kurtosis that is, arriving at exact 3, a value required for a normal distribution, 

showed that there is still room for improvement. One possible way of improving upon this study 

is to account for the existence of serial correlations which is believed to be introduced or caused 

by the presence of heteroscedasticity and thus forms the basis for further studies. 
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