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Abstract
This study examines the long memory properties in the volatility of the foreign 
exchange markets of Egypt, Ghana, Kenya, Nigeria and South Africa. Applying 
the FIEGARCH model to daily data from June 2, 1997, to December 31, 2021, we 
find long memory in the second moment of return innovations across all five coun-
tries’ foreign exchange markets and significant first-order positive autocorrelation. 
To isolate spurious long memory, we perform a structural break test and find that 
structural breaks in all five foreign exchange markets do not affect long memory. 
The findings may have implications for risk management. Historical volatility-based 
investment methods can generate risk-adjusted returns innovations. Long memory 
may indicate unexploited profit for risk-seeking speculators and international inves-
tors in these countries’ financial assets. Also, official intervention should be random 
and rule-changing to reduce currency market predictability.
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1 Introduction

Africa’s foreign currency market has modernised rapidly due to its increased par-
ticipation in the international investment market. International investors seeking 
exposure to Africa’s fast-growing economies have increased the demand for ease 
of currency convertibility. To some degree, African countries’ foreign exchange 
markets are affected by international investors’ investments in domestic bond and 
stock markets or real sectors. International investors may reverse portfolio invest-
ments in Africa if their risk appetite decreases and advanced economies improve 
or raise sovereign interest rates, causing market volatility.

The rapid economic transition across Africa has driven the foreign exchange 
market’s growth. According to the International Monetary Fund (2023a), Sub-
Saharan Africa had a real GDP of 4.8% in 2021, while advanced economies had 
5.1%. The real GDP figure for sub-Saharan Africa is forecasted to change to 4.2% 
in 2024, whereas that of the advanced economies is expected to change to 1.3% 
for the same period. As investors favour frontier market investments, African for-
eign exchange markets are expected to grow in the coming years.

Long memory in financial returns allows some investors to predict return 
movement and volatility and make profitable decisions. Long memory is present 
when there is statistical dependence in financial data. A hyperbolic decay rate 
characterises the autocorrelation functions of volatility measures. If long memory 
exists in these markets, the markets would be classified as inefficient.

Statistical dependence has been documented in other financial data. Nagayasu 
(2003) found long memory in the Japanese equity market, while Sadique and Sil-
vapulle (2001) found it in seven Asian stock markets. Similarly, Assaf and Cav-
alcante (2005) reported long memory in Brazilian stock market volatility. After 
applying fractional integrated autoregressive moving average—General Autore-
gressive Conditional Heteroskedasticity (ARFIMA-GARCH) model to monthly 
consumer price index rates data from 1955 to 2014, Belkhouja and Mootamri 
(2016) found long memory persistence in inflation dynamics in the US, Japan, 
Canada, UK, Germany, France. Wang and Wu (2012) found persistent volatil-
ity in energy futures market daily closing price data from January 2, 1985, to 
December 14, 2010. Using Baillie et al. (1996) Fractional Integrated General 
Autoregressive Conditional Heteroskedasticity (FIGARCH) model, Charfeddine 
(2014) observed long memory in volatility in energy futures data from January 2, 
1985, to May 14, 2013. (1996). Also, Kuttu (2018a) used the FIEGARCH model 
of Bollerslev and Mikkelsen (1996) and discovered long memory in Ghanaian, 
Kenyan, Nigerian, and South African equities market volatility.

Evidence of long memory has also been documented in the foreign exchange 
market. Tse (1998) used the FIGARCH model of Baillie et al. (1996) to find long 
memory in the Yen-US dollar exchange rate. Similarly, Chikili et al (2012) iden-
tified long memory in dollar-euro and dollar-British pound exchange rate vola-
tility using univariate Fractional Integrated Asymmetric Power Autoregressive 
Conditional Heteroskedasticity. After applying the FIGARCH model, Vats (2011) 
reported long memory in volatility in the US dollar exchange rates of Chinese 
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renminbi, Indonesia rupiah, and Taiwan dollar in Asia. Mensi et al. (2014) used 
the ARFIMA–FIGARCH model to find long memory in conditional volatility for 
Saudi exchange rates against the US dollar, Euro, British pound, and Japanese 
yen.

Long memory features in international financial markets have been studied as 
possible explanations for market efficiency. Many studies on long memory in Afri-
can currency markets explored statistical dependency in the first moment, while oth-
ers used symmetric heteroskedastic models in the second. However, Kuttu (2018b) 
found volatility asymmetry in these markets. Structural breaks affect long memory 
in currency markets, but previous studies ignored this. However, Breitung and Eick-
meier (2011) argue that ignoring structure breaks can lead to spurious estimates.

Given the forgoing, this study uses the Fractional Integrated Exponential GARCH 
(FIEGARCH) model of Bollerslev and Mikkelsen to evaluate long memory in 
Egypt, Ghana, Kenya, Nigeria, and South Africa’s foreign currency markets (1996). 
Structured breaks in the data are also considered.

The countries in this study are import-dependent and export largely agricultural, 
mining, and oil products in dollars. These make them relatively more exposed to 
commodity price shocks. Remittances, tourism, and foreign donor flows also remain 
a crucial source of foreign exchange. In addition, portfolio investors, foreign multi-
nationals, and international banks have an active role, particularly in the Eurobond 
and the local currency markets. Other important features that influence the exchange 
rate in these countries are the fiscal situation, government debt, external debt, infla-
tion, monetary policy, and the political cycle.

Few studies have examined the long memory dynamics in African foreign 
exchange markets. Aron (1997) used cointegration on monthly data from January 
1970 to February 1995 and concluded that exchange rates in South Africa are pre-
dictable. Using cointegration, Aron and Ayogu (1997) found similar results. Sifunjo 
et al. (2008) used run tests, unit root tests, and Ljung-Box Q-statistics to establish 
that the Kenyan foreign currency market is inefficient from January 1994 to June 
2007. Ayogu (1997) found Nigeria’s foreign exchange market inefficient using a 
likelihood ratio test on data from January 1 to December 31, 1993. Chiwira and 
Muyambiri (2012) found the market inefficient, using Augmented Dickey-Fuller, 
autocorrelation, Kolmogorov–Smirnov, Runs, and Phillips-Perron unit root tests on 
Botswana’s 2004–2008 foreign exchange data. Aidoo et al. (2012) found significant 
long memory in Ghana’s cedi/dollar exchange rate using rescaled-range and modi-
fied tests on monthly data from January 1990 to January 2012. Ebuh et  al (2022) 
used a fractional cointegrated vector autoregressive model on the US dollar-naira, 
euro-naira, yen-naira, British pound-naira, Indian rupee-Naira, and Chinese yuan-
Naira and discovered long memory in the Nigerian currency market.

Very few studies on African currency markets used GARCH models to analyse 
long memory in the second moment used symmetric volatility model. However, 
Kuttu (2018b) contends that official foreign exchange market intervention causes 
volatility asymmetry. When using Fractional Integrated GARCH (FIGARCH) of 
Baillie et al. (1996), Jefferis and Thupayagale (2011) found significant long mem-
ory in the rand/dollar exchange rate. This finding is confirmed by May and Farrell 
(2018), who used FIGARCH and Fractionally Integrated Asymmetric Power ARCH 
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on rand/US dollar, euro, British pound, and Japanese yen data from March 13, 
1995, to August 13, 2010. Boateng et  al. (2020) found comparable results in the 
South African currency market. Similarly, for Ghana, Omane-Adjepong et al (2018) 
reported significant long-range dependence on the Ghanaian foreign exchange mar-
ket after they applied ARFIMA–FIGARCH cedi/dollar exchange rate data that span 
Amy 31, 1999 to November 30, 2017.

Following the above discussion, this study applies an asymmetric volatility model 
and examines the long memory features of the volatility on the foreign exchange 
markets of Egypt, Ghana, Kenya, Nigeria and South Africa. Additionally, we per-
form a structural break test to determine whether structural breaks influence the sta-
tistical dependence in these foreign exchange markets. According to Breitung and 
Eickmeier (2011), large economic events or monetary policy changes might affect 
variables in empirical studies. Some are more subtle, yet they nonetheless change 
the structure of the economy. Ignoring structure breaks can lead to spurious results.

We focus on these countries because, according to the World Bank (2023), 
Egypt is the largest economy in North Africa (with a GDP of $424.7 billion at 2021 
prices), Kenya is the largest in East Africa (with a GDP of $109.7 billion at 2021 
prices), South Africa is the largest in Southern Africa (with a GDP of $419 billion 
at 2019 prices), and Nigeria is the largest in W Africa. Ghana is added because the 
World Bank (2021) promoted it as an African success storey before the COVID-
19 epidemic (with a GDP of $68.3 billion in 2019 and $79.2 billion in 2021 val-
ues). These countries also have strong equities markets that can enable international 
investors diversify into emerging and frontier economies.

The Bollerslev and Mikkelsen (1996) FIEGARCH model is used to examine how 
long memory affects volatility in the Egyptian, Ghanaian, Kenyan, Nigerian, and 
South African foreign currency markets. The study spans June 2, 1997, to December 
31, 2021.

The paper makes two contributions to African foreign currency market efficiency 
studies. To this author’s knowledge, this is the first study to use the FIEGARCH 
model of Bollerslev and Mikkelsen (1996) to examine long memory in African for-
eign exchange markets. Omane-Adjepong, Boako, and Alagidede (2018) and Jef-
feris and Thupayagale (2011) explore long memory in Ghanaian and South African 
foreign exchange markets using a FIGARCH model. To make the FIGARCH model 
stationary with positive conditional variance, complicated and intractable restric-
tions must be imposed. Also, according to Kuttu (2018b), the FIGARCH model 
does not nest the volatility asymmetry in the African foreign exchange markets. The 
FIEGARCH model applied in this study requires no non-negativity or invertibil-
ity constraints. Also, the conditional variances can oscillate,and so-called leverage 
effects—asymmetry between positive and negative shocks of equal magnitude from 
the same source—are taken into account.

The findings indicate a long memory of volatility in the foreign exchange markets 
of Egypt, Ghana, Kenya, Nigeria and South Africa. Structural break analysis carried 
out on the five foreign exchange markets shows that the long memory dependence 
identified is not a function of time; hence, it is not spurious.

The findings in this study may have implications for risk management. Given 
that volatility affects hedge ratios, derivative pricing, value-at-risk, and trading and 
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hedging tactics, market players may benefit from identifying long memory in for-
eign currency return volatility. Volatility helps price and hedge derivative strategies, 
therefore, persistence in volatility may help investors price long-term derivative con-
tracts (Bollerslev & Mikkelsen 1996). The conditional volatility in these markets 
has long memory and substantial first-order autocorrelation, implying predictable 
first- and second-moment dynamics. To reduce market predictability, gorvenment 
intervention should be unpredictable with changing rules.

The following is the outline for the remainder of the paper. What follows is an 
explanation of the long memory model. Data and preliminary statistical properties 
are presented in Sect. 3. In Sect. 4, we present and analyse the empirical results. The 
paper is concluded in Sect. 7.

2  Methodology

2.1  The FIEGARCH model

We model the long-term memory effect in FX market volatility by presuming that 
the following autoregressive process (AR) generates the currency market returns, rt,:

where �t =
√
ht�t , and �t ∽ NID(0, 1) and ht and �2

t
 are conditional and the uncondi-

tional variances of �t , respectively.
As a means of accommodating volatility asymmetry, Bollerslev and Mikkelsen (1996) 

extend the FIGARCH model of Baillie et al. (1996) to FIEGARCH, which is equivalent 
to Nelson’s (1991) Exponential GARCH model. While the FIGARCH model requires 
that the estimated parameters adhere to non-negativity constraints, the FIEGARCH model 
can be considered well-specified even without these requirements. The FIEGARCH 
(p, d, q) has the variance, ht , form Eq. (1) modelled as follows:

where � denotes the non-trading day count dummy, � captures the high frequency 
effects and � denotes the long-term effects. The leverage effect is represented 
by g

(
zt−1

)
= �zt−1

+ �
[||zt−1|| − E||zt−1||

]
 , the first term, �zt

 , is the sign effect and 
the second term, 

(
�
[||zt−1|| − E||zt−1||

])
 , is the magnitude effect. When d = 0 , the 

FIEGARCH model nests the EGARCH of Nelson (1991) model, and when d = 1 , 
it reduces to IEGARCH. The FIEGARCH parsimonious separate the movements in 
the long-run and short-run volatility, the fractionally differencing parameter d cap-
tures the long-run component and the lag polynomials capture the short-run compo-
nent. When the d parameter is within the interval 0 < d < 1 , Fama’s weak-form effi-
cient market hypothesis is easily rejected (1970). Nonetheless, parameters above one 
indicates a non-stationary process, while parameters below zero indicate a stationary 
and non-invertible process. These imply that the return series are stochastic and lack 
predictable structures.

(1)rt = � + �1rt−1 + �2rt−2 + �t,

(2)ln
(
ht
)
= � + ln

(
1 + �Nt

)−1
+
(
1 + �1L

)(
1 − �1L

)−1
(1 − L)−dg

(
zt−1

)
,
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To maximise the log-likelihood function via Quasi-Maximum Likelihood Estima-
tion (QMLE), we employ the BFGS algorithm (in RATS™ 8.2) proposed by Broyden 
(1970), Fletcher (1970), Goldfarb (1970), and Shanno (1970) due to the non-linearity 
of the log-likelihood function in the parameters. According to Bollerslev and Wool-
dridge (1992), the QMLE is robust to the distribution of the disturbance term.

2.2  The Bai and Perron model

To identify spurious long memory, we apply Bai and Perron (1998, 2003) methodol-
ogy to examine structural breaks in return series of the five countries. Bai and Per-
ron (1998, 2003) consider the following linear regression with m breaks and m + 1 
regimes:

where j=1,…..,m + 1 . In Eq. (3), yt is the observed dependable variable at time t ; 
xt(p × 1) and zt(q × 1) are vectors of covariates and � and �j (j = 1,…… .,m + 1) are 
the corresponding vector coefficients; ut is the error term at time t . Choi et al. (2010) 
have argued that ut may be serially correlated and heteroskedastic. The break points, 
T1 + 1,……… , Tm+1 , are treated as unknown, and By employing this technique, we 
are able to approximate not only the breaks but also the unknown regression coeffi-
cients. Specifically, Bai and Perron (1998, 2003) offered three separate statistics for 
identifying breaks; these are:

1. the supF type test of no structural break ( m = 0) versus m = k breaks
2. l versus l + 1 breaks, labelled supFT (l + 1|l)
3. double maximum tests: UDmaxFT (M, q)andWDmaxFT (M, q)

The results show three distinct information criteria: sequential estimates, the 
modified Schwarz criterion (LWZ), and the Bayesian Information Criterion (BIC). 
Since the BIC and LWZ tests produce misleading results when serial correlation 
errors are present, Bai and Perron’s (1998, 2003) methodology relies on applying 
the supFT (l + 1|l) test in sequential order to address this issue.

3  Data and preliminary statistical properties

The data set includes continuously compounded daily returns from June 2, 1997, to 
December 31, 2021. Dollar exchange rate per local currency is our exchange rate 
market proxy. Thus, the dollar exchange rate for the Egyptian pound, Ghanaian 
cedi, Kenyan shilling, Nigerian naira, and South African rand. The use of the dollar 
per local currency is predicated on the fact that the US dollar is a vehicle currency 
actively used for transactions in the global currency, and the external reserves of 
these countries, which the central bank used to maintain exchange rate stability, are 
denominated in US dollar. Since Standard & Poor’s started keeping track of data for 

(3)yt = x�
t
� + z�

t
�j + ut, t = Tj−1 + 1,……… , Tj,
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Ghana, Kenya, and Nigeria in the middle to late 1997, the sample date starts from 
June 2, 1997. The data were obtained from DataStream.

Table  1 shows positive skewness in all foreign exchange markets, indicating 
more positive shocks than negative shocks. These foreign exchange markets should 
yield good returns for investors. We find leptokurtosis in each of the five markets, 
and normality is rejected. Applying a nonlinear model is compatible with rejecting 
normality. Standardised residuals and squared standardised residuals of the return 
series are dependent. Every series has a significant ARCH effect, supporting a het-
eroskedastic model. Finally, Dickey and Fuller (1979) unit root test rejected the null 
hypothesis in every series.

4  Empirical results

The quasi-maximum likelihood estimations for AR(2)-FIGARCH (Eqs. 1 and 2) for 
the five countries are reported in Table 2. As the number of parameters in the model 
increases, the penalty from the Schwarz information criterion becomes larger, and 
the AR(2)-FIEGARCH is the best model that the AIC always chooses. Therefore, 
the results from the AR(2)-FIEGARCH model are the only ones that are presented.

As shown in Table 4, for all five currency markets, the first-order autocorrelation, 
�1 , is positive and statistically significant. As a result, the return process is not com-
pletely random and there is some predictability in the currency market. For each of 
the five currency markets, the second-order autocorrelation, �2 , is statistically signif-
icant and negative. An explanation for this might lie in the so-called mean-reversion 
behaviour of returns in the foreign exchange market (Ding et al. 1993).

All currency markets exhibit very significant values for the parameters � and 
� , which represent the news impact function in the FIEGARCH model. Specifi-
cally, for every country, � is statistical significance. This indicates that the condi-
tional variance is impacted asymmetrically by positive and negative shocks to the 

Table 1  Summary Statistics of Data Used

**Denotes statistically significant at 5%, Arch ( � ) is the Engle (1982) test for ARCH up to lag order 1, 
LB(12) and  LB2(12) is Ljung–Box Q-statistic at lag 12 for the standardised residuals and squared stand-
ardise residuals respectively. ADF denotes the Augmented Dickey-Fuller unit root test

Statistic Egypt Ghana Kenya Nigeria South Africa

Mean 0.029 0.056 0.014 0.058 0.021
Std. Dev 0.753 0.666 0.484 0.732 1.024
Skewness 37.613 0.295 0.510 11.456 0.267
Kurtosis 1989.994 20.125 27.30.033 387.509 8.399
Jarque–Bera 784,417.35 ** 68,876.83** 171,672.0** 34,805,614.0** 6903.610**
LB(12)for rt 234.51** 161.91** 74.175** 17.278** 18.530**
LB(12) for r2

t
12.221** 1515.4** 2124.3** 20.250** 1705.6**

ARCH ( �) 0.008** 0.245** 0.289** 0.056** 0.277**
ADF -19.625** -28.722** -54.647** -71.474** -72.567**
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returns. A negative value for the asymmetric parameter, � , indicates that volatility is 
asymmetric.

For all markets, the non-trading day count, �, is statistically significant. Importantly, it 
shows that in Egypt, Ghana, Kenya, and Nigeria, the weekend and holiday components of 
the daily variance amount to approximately 7%, 4%, 12%, 7%, and 3%, respectively.

For each of the five foreign exchange markets under consideration, the point esti-
mate of the asymmetric long memory parameter, d , falls within the range of 0 to 
1, suggesting that the underlying series is stationary and exhibits long memory in 
the conditional variance. This provides evidence of persistent volatility, which can 
be utilised to predict volatility values across all five currency markets. It is worth 
noting that economically, the long-memory coefficient for South Africa is not sig-
nificant in the full sample and in the two sub-samples. This may be attributed to 

Table 2  Note: This data is mandatory

**Denotes statistically significant at 5%, numbers in parenthesis are t statistics. The model diagnostic 
parameters, Zi,t and for Z2

i,t
 are the Ljung–Box Q-statistic at lag 12 for the standardised residuals and 

squared standardised residuals, respectively

Panel A: AR(2)-FIEGARCH (1, d, 1)
rt = � + �1rt−1 + �1rt−2 + �t , �t =

√
ht�t , and �t ∽ NID(0, 1),

ln
(
ht
)
= � + ln

(
1 + �Nt

)−1
+
(
1 + �1L

)(
1 − �1L

)−1
(1 − L)−dg(zt−1),

g
(
zt
)
= �zt + �

[||zt|| − E||zt||
] , zt ≡ �t�

−1
t

 , Et−1

(
zt
)
= 0 , Et−1

(
Z2

t

)
= 1

Parameter Egypt Ghana Kenya Nigeria South Africa
� 0.032**

(5.458)
0.043
(1.959)

0.020**
(5.327)

0.004**
(3.437)

-0.002
(-0.593)

�1 0.307**
(2.910)

0.337**
(9.445)

0.056**
(8.390)

0.149**
(4.426)

0.046**
(9.126)

�2 -0.196**
(-3.177)

-0.099**
(-4.172)

-0.093**
(-2.562)

-0.254**
(-6.595)

-0.087**
(-4.184)

� 0.751
(1.505)

0.003
(0.915)

0.081**
(2.699)

0.768**
(2.284)

0.016
(1.517)

� 0.071**
(5.627)

0.035**
(6.017)

0.117**
(4.508)

0.073**
(8.481)

0.026**
(3.645)

� -0.877**
(-4.730)

-0.940
(-1.725)

-0.646
(-6.858)

-0.795**
(-3.132)

-0.873**
(-7.652)

� 0.748**
(5.248)

0.754**
(7.261)

0.737**
(5.017)

0.831**
(5.402)

0.626**
(6.535)

� -0.001**
(-5.201)

-0.805**
(-7.242)

-0.029**
(-5337)

-0.184**
(-6.723)

-0.093**
(-9.349)

� 0.025**
(4.553)

0.044**
(6.568)

0.479**
(3.438)

0.727**
(3.795)

0.198**
(8.041)

d 0.595**
(4.018)

0.696**
(6.074)

0.489**
(3.714)

0.586**
(6.794)

0.010**
(8.776)

Panel B: Diagnostic Tests
Mean 0.012 0.029 -0.034 0.018 0.044
Variance 0.006 0.991 0.986 0.979 1.101
LB[12] for Zi,t 85.581 98.670 66.737 60.104 13.919
LB[12] for Z2

i,t
44.425 17.720 68.368 62.352 20.675
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comparatively fewer rigidities and the relative breadth and depth of the South Afri-
can foreign exchange market.

Egyptian, Ghanaian, Kenyan, Nigerian, and South African foreign exchange mar-
kets have long memories, disproving the weak-form efficient market hypothesis. 
This shows previous volatility can predict current volatility.

Diagnostic results from Panel B of Table 2 show a mean of zero and a variance 
of one for all currency markets. This suggests that the model is well-specified. The 
standardised and squared standardised residuals are not serially correlated.

In Table 3, the sign test, joint test, and positive and negative sign bias tests for 
volatility specification are not statistically significant. Since return series have long 
memory with asymmetrical volatility, the FIEGARCH model can capture their con-
ditional volatility better.

According to Ryden et al. (1998), Liu (2000), and Granger and Hyung (2004), long 
memory in financial return volatility is spurious due to unaccounted structural breaks. 
We used Bai and Perron’s (1998, 2003) structural break analysis to identify spurious long 
memory. The method allows for many structural breaks in the data series.

5  Structural breaks

Based on the structural break procedure outlined by Bai and Perron (1998, 2003) in 
Table 4, it was observed that Egypt, Kenya, and Nigeria each had two structural breaks, 
while Ghana and South Africa each had one structural break during the sample period. 
The structural break points for Egypt were on January 1, 2003, and January 9, 2013; Ken-
ya’s was on May 13, 1999, and February 25, 2011; and Nigeria’s was on October 25, 
2000, and January 8, 2009. Ghana and South Africa had one structural break on Novem-
ber 24, 2008, and April 19, 2000, respectively. The data for the five countries were split 
on their respective structural break dates for further long memory examination.

From Table 5 and 6, the parameters � and � , and the non-trading day count, � , are 
significant across all sub-sample. Also, for all the five countries, the long memory 
parameter, d , is significant across all sub-samples. Clearly, the results indicate that 

Table 3  Volatility Specification Test of the News Impact Curve

**Denotes statistically significant at 5%. The numbers in parentheses are t-statistics, and they are robust 
to autocorrelation and heteroskedasticity using the Bollerslev Wooldridge (1992) standard errors

Egypt Ghana Kenya Nigeria South Africa

Sign bias 0.638
(0.660)

0.103
(0.970)

0.027
(0.137)

0.635
(1.528)

0.157
(1.938)

Positive sign bias 0.702
(0.579)

0.074
(0.691)

0.117
(0.429)

0.179
(0.382)

0.047
(0.879)

Negative sign bias 0.115
(0.853)

-0.132
(-1.168)

0.036
(0.128)

-0.055
(-0.166)

0.206
(1.428)

Joint Test 0.376 1.929 0.070 0.899 4.214
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the long memory statistical properties on these markets are not a function of time. 
Further, the diagnostic tests in Panel B of Table 5 and 6, and in Table 7 and 8 show 
that the model is well specified. These findings are complementary and therefore, 
suggest that long memory found in the five foreign exchange markets is not spuri-
ous. Also, we compute how long it takes for a unit shock to subside by half, the 
so-called half-life which is given by log(0.5)∕log(�) . We find that it takes approxi-
mately 2.4 days, 2.5 days. 2.3 days, 3.7 days and 1.9 days for unit shock to dissipate 
by half for Egypt, Ghana, Kenya, Nigeria and South Africa, respectively.

6  Discussion

The first-order positive autocorrelation and long memory in volatility memory on the five 
foreign currency markets show a relationship between recent and distant results and vola-
tility. Also, past returns and volatility may be used to predict future returns and volatility, 
especially over long horizons. Similar findings have been reported by Aidoo et al. (2012) 
for Ghana and Jefferis and Thupayagale (2011) for South Africa.

Predictability in returns and volatility may indicate inefficiency, and long memory 
in volatilty may favour foreign exchange speculators because new information will 
not be arbitraged away quickly. However, for South Africa, this economic benefit 
may be limited, given that the long memory coefficient is economically insignificant.

The findings of long memory volatility in the foreign exchange markets of Egypt, 
Ghana, Kenya, Nigeria and South Africa suggest market inefficiency, with South Africa 
relatively less inefficient given the economically insignificant long memory coefficient. 
Egypt, Ghana, Kenya, and Nigeria have adopted a mixture of fixed and managed float 
over the sample period. The International Monetary Fund (2023b) has stated that, at the 
end of 2022, Ghana and Kenya follow a crawl-like arrangement, whereas Nigeria and 
Egypt, follow a stabilised arrangement. However, South Africa follows a free-floating 

Table 4  Structural Breaks Test 
(Bai and Perron 1998, 2003)

**Denotes statistically significant at 5%, numbers in parenthesis are 
t statistics, BIC and LWZ denote Bayesian Information Criterion and 
Modified Schwarz Criterion, respectively

Number of Breaks Selected

Egypt Ghana Kenya Nigeria South Africa

Sequential 2 1 2 2 1
LWZ 2 1 2 2 1
BIC 2 1 2 2 1

Estimates with Three Breaks
�1 2.584**

(6.854)
0.584**
(7.598)

1.897**
(8.854)

2.587**
(8.847)

5.568**
(8.547)

�2 5.657**
(7.854)

1.457
(1.854)

5.857**
(9.897)

5.598**
(6.857)

7.854
(0.467)

�3 7.851
(0.993)

3.854
(0.897)

9.857**
(1.874)

2.840
(1.457)

6.547
(1.547)
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framework. With this crawl-like and stabilised arrangement, the government can inter-
vene in the foreign exchange market. The government can influence the exchange rate, 
but it is not committed to maintaining a fixed exchange rate or imposing strict limits on it.

If their currency depreciates significantly from its target rate, Dutta and Leon 
(2002) argue that governments are more likely to intervene because persistent depre-
ciation affects foreign currency debt service and net exports.

Exchange targeting is common in developing nations like Africa, which relies on 
exports for growth (Calvo et  al. 1995). Due to fiscal and financial market shocks, 
Egypt, Ghana, Kenya, and Nigeria’s central banks have intervened heavily in their 
foreign exchange markets. These interventions alter currency values for a extended 
period of time. The presence of long memory in all five foreign exchange markets 
indicate that the markets are inefficient.

Similar findings, for foreign exchange market inefficiency, have been documented 
by Aron (1997) and Aron and Ayogu (1997) for South Africa, Sifunjo et al. (2008) 
for Kenya, Ayogu (1997) for Nigeria, and Chiwira and Muyambiri (2012) for Bot-
swana. However, for the foreign exchange markets, the greater predictability brought 
about by long-term volatility memory is unlikely to produce arbitrage opportunities 
for smart-money investors. This is due to the fact that increasing levels of predict-
ability are also associated with higher levels of volatility.

Long memory in exchange rate volatility shows that purchasing financial assets 
in several currencies would not hedge currency risk due to the non-random volatil-
ity innovation process. International investors in local equities, bond markets,  and 
foreign direct investors can predict the local currency-dollar exchange rate, to some 
extent. Unexpected economic data or dramatic political events in any of the coun-
tries being analysed can create currency market surges in the short term. Structural 
weakness in Egypt, Ghana, Kenya, Nigeria, and, to some extent, South Africa—
weak industrial bases, high debt burden, high fiscal deficits, macroeconomic insta-
bility, and occasional foreign currency shortages—may make any exploitable benefit 
from the long memory identified in all currency markets fleeting.

El-Masry and Badr (2021), Amewu et al. (2022), Shitemi et al. (2023), Fasanya and 
Akinwale (2022), and Iyke and Ho (2021) found currency and stock market links in 
Egypt, Ghana, Kenya, Nigeria, and South Africa. All five currency markets demonstrate 
long memory, indicating that exchange rate shocks last longer and may affect equities 
markets.

According to Ghosh et  al (2010), each African country’s currency rate regime 
depends on its macroeconomic fundamentals and unique conditions. African cur-
rency rate regimes have varied throughout time.

International Monetary Fund (2023b) classifies Ghana and Kenya’s exchange rate 
anchor as a crawl-like arrangement with an inflation-targeting monetary framework 
in its 2023 annual report on exchange rate arrangement and restrictions. Similarly, 
the International Monetary Fund (2023b) has classified that of Nigeria and Egypt 
as having a stabilised arrangement. Nigeria and Egypt, respectively, have monetary 
aggregate target monetary framework and other monetary frameworks with no 
nominal anchor. However, Egypt monitors various indicators in conducting mon-
etary policy. Lastly, South Africa has a floating monetary framework anchored on an 
inflation-targeting monetary policy framework.
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Leiderman and Bufman (2000) claim a crawl-like arrangement can reduce infla-
tion. However, cross-border capital flow contradicts this. For instance, increasing 
domestic real interest rates to combat inflation may increase capital inflows and 
leads to nominal exchange appreciation. Leiderman and Bufman (2000) further sug-
gest that a narrow exchange rate volatility band may distort investors’ perception of 
exchange rate risk. Capital inflows may be large when domestic and foreign inter-
est rates diverge. Finally, the crawl-like arrangement may conflict with other objec-
tives of monetary policy, such as inflation targeting, because the level of interest rate 
needed to achieve a particular inflation target may be markedly different from the 
level suitable for maintaining the currency volatility band.

The findings should be seen in light of the unique dynamics that characterise Afri-
can foreign exchange markets and not on the statistical properties alone. For example, 
Africa’s foreign exchange markets are characterised mainly by an occasional lack of for-
eign currency liquidity. Supply of hard currency is largely dependent on raw commodi-
ties exported and the amount of foreign currency reserve held by the central banks. The 
supply of foreign currency in the foreign exchange markets is affected by fluctuations in 
commodity prices because of the underdeveloped manufacturing base.

This notwithstanding, the findings have risk management and policy implica-
tions. Given the long memory identified in all five currency markets, Lasfer et al. 
(2003) have argued that, in a currency market where past innovation can be used 
to predict future innovation, any investment strategies based on historical volatility 
can generate risk-adjusted returns innovations. The presence of long memory may 
indicate that unexploited profit exists for risk-seeking speculators and international 
investors in these countries’ financial assets. However, given the unique character-
istics found in these exchange rate markets, a risk averse investor may not find the 
exploitable profit large enough to account for the inherent risk in these markets.

Also, forecasters can use the current spot rate of the exchange rate of the five countries’ 
currencies to forecast the future spot rate and may have implications for purchasing power 
parity (Kuttu 2018b). From a policy perspective, it has been contended by Dutta and Leon 
(2002), Mohanty and Klau (2004), and Calvo, Reinhart and Vegh (1995) that monetary 
authorities tend to support depreciation rather than appreciation because it has the poten-
tial to impact net exports and the cost of servicing debt denominated in foreign currency. 
This creates a large shock, given a finite sample, this could make the market predictable. 
Hence, official intervention should be random, with changing rules to make the market 
less predictable. Also, monetary authorities should continue to clamp down very hard on 
the illegal parallel markets in the various countries to render foreign exchange market pol-
icy more effective, and hence, reduce the predictability of the currency markets.

7  Conclusion

This study analysed the second-moment long-term memory in the context of the 
Egyptian, Ghanaian, Kenyan, Nigerian, and South African currency markets. Using 
data collected between June 2, 1997, and December 31, 2021, we estimated the 
FIEGARCH model developed by Bollerslev and Mikkelsen (1996)..
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According to the findings, the Egyptian, Ghanaian, Kenyan, Nigerian, and South 
African foreign exchange markets exhibit significant long memory. The results of 
the structural break analysis did not indicate the presence of spurious long memory. 
We do, however, find that South Africa’s long memory coefficient is economically 
insignificant. Bollerslev and Wright (2000) have argued that high-frequency data 
gives a clearer picture of long memory than relatively low-frequency data. Hence, 
we recommend that future studies should re-examine this issue using tick data, 
should this become available.

This notwithstanding, the findings imply that past innovations can be used to 
forecast current innovations, which disproves the weak-form efficient market the-
ory. This affects the efficiency of allocation and, more broadly, the role of the cur-
rency markets in driving economic expansion. The risk management approach to 
take might be influenced by the results presented in this paper. Specifically, emerg-
ing and frontier markets investors can incorporate some level of exploitative risk in 
their prediction model to take advantage of the inefficiencies presented in these mar-
kets. Furthermore, the findings have implications for derivative pricing and portfo-
lio diversification, especially in South Africa, which has a derivatives market. Also, 
official intervention should be random, with changing rules to make the market less 
predictable.

8  Data availability

The data used for this study was sourced from Thomson Reuters Datastream, a sec-
ondary data provider. Most universities in the world have access to this data.

Declarations Financial support from the University of Ghana Business School is gratefully acknowledged.
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