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1. Introduction

The variation of the price at which currencies of two different countries are

traded is known as exchange rate volatility [1]. Because exchange rate volatility is
synonymous with risk and uncertainty, it is the main source of concern for ma-
cro-economic policymakers. The sensitivity of internationally-oriented countries
to foreign exchange rate volatility is well documented [2]. For the design of a
well-informed policy that seeks to minimize the harmful impact of uncertainty
on the national welfare, the well-understanding of the dynamics of volatility is

very important.
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In financial risk management and portfolio construction, the wide use of ex-
change rate volatility models by business analysts and commercial strategists is
crucial from a microeconomic perspective. In addition to this, for international
traders’ export and import decisions forecasting the volatility of the foreign ex-
change rate has good importance. Hence, exchange rate volatility causes risk-averse
traders to reduce their transaction because of the high unpredictability of their
profits. By contrast, risk-takers could benefit from seeking out hedging oppor-
tunities. Moreover, for international investors who require portfolio diversifica-
tion beyond their national border accurate volatility forecasting is critical.

In addition to the previous discussion, the study has conducted a robust case
study research on volatility forecasting using weekly GBP-ETB exchange rates.
In particular, we try to examine the capability of the Fuzzy-EGARCH-ANN model
to capture stylized features of volatility clustering, persistence, and leverage ef-
fects. Moreover, the study has tried to evaluate the forecasting performance of
the Fuzzy-EGARCH-ANN model.

Because of the current exchange rate system classified as a crawling peg to the
USA, ie a managed float, formally determined USD-ETB exchange rate variation
does not fully capture the extent of currency volatility. This has motivated our
choice of using GBP-ETB. This is because Euro-area countries, the USA, and the
United Kingdom are the main trading partners of Ethiopia. Furthermore, by using
high frequency (ie. weekly) data, the study has avoided the danger of averag-
ing-out volatility episodes that characterize studies based on yearly data. It is also
cost noting that using weekly data removes the need to construct real exchange
rate which depends on having accurate domestic and foreign price devalues.

As explained previously, the volatility of the exchange rate affects policymak-
ers as well as investors. Hence, the importance of exchange rate volatility studies
cannot be overestimated. Many researchers including [3] [4] [5] modeled ex-
change rate volatility using GARCH type models, but without offering insight on
their models. de Dieu Ntawihebasenga et al. [6] modeled volatility of exchange
rate in Rwandese markets using symmetric GARCH models ignoring asymme-
tric models. To the best of my knowledge, no research has been done on fore-
casting volatility of weekly GBP-ETB exchange rate using the Fuzzy-EGARCH-
ANN model, and robust forecast evaluation techniques. Hence, the present study
contributes to the literature by bridging the existing knowledge gap on volatility
forecasting in Ethiopia.

The general objective of the study is to forecast the volatility of GBP-ETB ex-
change rates using the Fuzzy-EGARCH-ANN model. Individually to assess the
patterns of GBP-ETB exchange rate volatility, explore as the Fuzzy-EGARCH-ANN
model is capturing the behavior of volatility of GBP-ETB exchange rate, and
evaluate the volatility forecasting power of the Fuzzy-EGARCH-ANN model.

The paper is organized into four sections. Not together from the introduction
in Section 1, Research Methodology is presented in Section 2. In Section 3 detail
of results and discussion is given. In Section 4, a Summary and conclusion part

of this study is presented.
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2. Research Methodology

2.1. Data Source

To achieve the objective of the study, weekly GBP-ETB exchange rates data were
collected from the National Bank of Ethiopia. In the literature, a statistical test of
model’s forecast performance is commonly conducted by splitting a given data
set into an in-sample period, which are used for initial parameter estimation and
model selection; and out-sample period, which is used to evaluate forecast per-
formance. In this study, the in-sample period runs from June 30, 2003, to No-
vember 24, 2018 (800 observations), whereas the out-of-sample period runs from
November 25, 2018, to January 24, 2020 (65 observations).

2.2. Model Specification and Econometric Tests

2.2.1. Unit Root Test of the Variables

There are many tests for determining whether a time series is stationary or non-
stationary. The ones used in the present study are the Augmented Dickey-Fuller
(ADF) test [7] and the Phillips-Perron (PP) test [8]. The presence of conditional
heteroscedasticity is referred to as the ARCH effects. Ljung-Box statistics Q(m)
and Lagrange Multiplier (LM) tests are the appropriate ARCH effects tests and
were used in this study. Ljung-Box test statistic (Q) was used to assess the inde-
pendency among the residuals [9]. When dealing with ARCH/GARCH-type mod-
els, we first examine the characteristics of the unconditional distribution of the
exchange rate. This will enable us to explore and explain some stylized facts that
exist in the financial time series. In statistics, the Bera and Jarque [10] test is a test

of departure from normality based on the sample skewness and kurtosis [9].

2.2.2. Fuzzy-EGARCH-ANN Model
The Fuzzy-EGARCH-ANN model is described by a collection of fuzzy rules in
the form of If-Then statements in order to describe the stock fluctuations with
volatility clustering overlooked by EGARCH-ANN model via Fuzzy rules and
the asymmetric responses of volatility to positive and negative shocks via an
EGARCH-ANN model [11].

The & rule of the fuzzy system for EGARCH-ANN(p, ¢, m, s) model is de-

scribed by:
Rule:if x! is F, and --- x| is Fg,then
Yit = Ouia (1)
q p ) )
Inoft =E, +Zﬂkj Inoﬁj +Z}/ki (M—E[MJJ
j=1 i=1 t-i Ot
(2)
Vo, LY e G (ZW
o =Y Gy ( WV +Wh,o)
i=1 O h=l
where
G(ZW, +Ww, )= tanh(ZW, +w,,), (3)
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!

W, :(Wh,l"":Wh,m) , (4)
zt_dz—yt‘d_E(y),dzl:m (5)

E(y?)
x! :|:yt—l’yl—2"”'yl—p’0-12711612721”'10-127[1}1' :[XI,X;,"HXLJ- (6)

Here, X'

is the input vector with d =(p+q) atinstance £ F, is the fuzzy
set to describe the stock market return and volatility for 1=1,2,3,---,d , Ris the
number of rules, and X is the premise variable. Plus, these things, the study
has assumed that the distribution of residual series follows either the Gaussian
Normal or student’s #distribution. That is, if it is not following the Gaussian
Normal distribution, then it follows the student’s #distribution directly.

The output of this Fuzzy-EGARCH-ANN model is the weighted average of
each individual rule and is obtained by using FIS fundamental steps as in [11]
and [12] as follows:

Step 1 (Fuzzification layer): Using the Gaussian membership function, find
the grade of membership of the input x; in F, as follows:

t 2
g ()r{;[—] ] o

where c,, is the center and a,, is the spread of £” rule membership function
corresponding to the / premise variable.
Step 2 (Firing Strength Layer): Find the firing strength of &” rule by assum-
ing the product T-norm of the antecedent fuzzy sets as:
2
d dl 1({x-c
uk(xt):HFkl(Xlt):H - ©)
1=1 1=1 2 akl
Step 3 (Normalization Layer): Finding the normalized firing strengths, Ze.
the ratio of the £” rule’s firing strength to the sum of all rule’s firing strengths:

o ()

Wy =—a——F—~ )

Zkzluk (Xt)
Step 4 (Consequent and Defuzzification Layer): Combine the normalized
firing strengths and the corresponding rule consequent to produce the model

output as the weighted average of each individual rule:
R
Ino? => W, f, (10)
k=1

where f, isthe output of the & rule. That is,

fk = Ek +iﬁkj|n0't27j +i}/ki (M_E[M]J
i=1

i=1 t-i Ot

(11)

p s
+ Zaki h"‘ Z e (ZtWh +Who )
i=1 Oii h=l

This implies that,
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R
Ino? => W, f, = (12)
k=1
Step 1 (Fuzzification layer): Using the Gaussian membership function, find
the grade of membership of the input x| in F, as follows:

t 2
Fy (x,‘):exp[—%(xla;cli } (13)
kl

where c,, is the center and a, is the spread of &” rule membership function
corresponding to the / premise variable.
Step 2 (Firing Strength Layer): Find the firing strength of &” rule by assum-

ing the product T-norm of the antecedent fuzzy sets as:

t - t : 1 Xlt —Ca i
uk<X):HFkI<XI):H ol T, (14)
2\ ay
Step 3 (Normalization Layer): Finding the normalized firing strengths, ie.
the ratio of the &£“ rule’s firing strength to the sum of all rule’s firing strengths:

o ()

W =—r——— (15)

Zk:luk (Xt)
Step 4 (Consequent and Defuzzification Layer): Combine the normalized
firing strengths and the corresponding rule consequent to produce the model

output as the weighted average of each individual rule:
R
Ino? = W, f, (16)
k=1
where f, is the output of the & rule. That is,

fo=E Y Aot + Y7 {M_E(MD

j=1 i=1 t=i Oy

(17)
p X S
+D.a Fei ) fth(ZtWh +Wh,0)
i=1 O:i h=l
This implies that,
2 S - Uy (Xt)
Ino; :Zkak:Z R—tfk (18)
M T E T (0

The collection of the R rules assembles a model as a combination of local
models. A local model contributes to the overall output which is proportional to
the normalized degree of the firing of each rule. As a result, the exponential of
this weighted average value gives us the predicted stock market return volatility

using our newly proposed model [11].

2.2.3. Choosing the Optimal Lag Length and Model Selection Criterion
The optimal lag length of the ARIMA and ARCH/GARCH type’s model was
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chosen using the ACF, PACEF plot, and information criteria. The PACF of a time
series is a function of its ACF and is a useful tool for determining the order p of
an AR model because PACEF cuts off at lagp for an AR(p) process. For MA mod-
els, ACF is useful in specifying the order because ACF cuts off at lagg for an
MA(g) [13]. Some of the more popular information criterion includes AIC and

BIC are also used to select the appropriate models.

2.2.4. Parameter Estimation

Ordinary least squares (OLS) works great (assuming we meet some preliminary
conditions), but one assumptions that must be made for OLS to work is that the
disturbance term ¢ are homoscedastic. However, this is not always a very rea-
listic assumption in real life, since variance is not always constant. Under the
presence of ARCH effects, OLS estimation is not efficient. Therefore, the study
employed maximum likelihood estimation (MLE) for estimating unknown pa-
rameters in EGARCH-ANN models.

The design of the Fuzzy-EGARCH-ANN model includes the determination of
the unknown parameters, namely the parameters of the consequent parts of the
fuzzy If-Then rules by minimizing the prediction error [11]. Therefore, to esti-
mate the Fuzzy-EGARCH-ANN model parameters without suffering from local
optimum, Differential Evolution (DE) algorithm with Archive is used [11]. Fur-
thermore, step by step self-explanatory summary of the algorithm that we have
used in this study is given by Table 1. For your understanding, the software we
have used throughout this study in MATLAB R2018a, where cis a positive con-
stant between 0 and 1, mean,(.) is the usual arithmetic mean, mean,(.) is the

Lehmer mean and given by

_ ZFESF FZ

ZFESF F

mean, (S;) (19)

2.2.5. Realized Volatility Measures

Realized volatility is defined as the sum of squared high frequency returns (such
as intraday returns) and is a popular measure of volatility in empirical finance [9]
and [15] [16]. The realized volatility models are calculated from high frequency
data, intraday data. The measure of this realized volatility can be expressed as:

R, = iYﬁ (20)

where Y,° the intra daily return square in the m,, interval. Similarly, in the case
of this study, since we have no intra daily data, the realized variance of the
weekly data set was computed using the daily data as follows:

2 _ ZL(Yt _Y_t)z

O = 21

where Y, is the daily returns of GBP-ETB exchange rate
(Yt =log(R)- IOQ(P(H))) of the m” days interval (m=5) and Y, is the av-

erage of return daily of GBP-ETB exchange rate and m is the number of intervals
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of days.

3. Results and Discussions

The plot of the weekly Pound-ETB exchange rate for the period of June 30, 2003,
to January 24, 2020, is shown in Figure 1. From this figure, it is evident that
unconditional mean and variance are changing over time, and the series has an
increasing trend over time. The changing mean and variance of Great Britain
Pound-ETB exchange rate over time is an indication of the nonstationarity of the
level series. This implies that it is difficult to model ARIMA and ARCH/GARCH-
type models for nonstationary series. Therefore, in order to achieve stationary,
logarithmic transformation was applied to the level series.

Table 1. Procedure of JADE with archive and its description:

Procedure of JADE with Archive asin [11] and [14]

Start

Initialize:

U, =055 p.=05; A= ;and create a random initial population {le0 =1 NP}
For g=1:G ; Generation loop

S, =0; S,=T;

For i=1:NP ;Population size loop

Generate:

CR =randni(,,0.1), F =randci(z,.,0.1).

Randomly choose:

xp

best,g

as one of the 100p% best vectors, X, 07 X, g from current population P,

and X, #X,,#X, from PUA.

ig

Compute

Vi =X  +Fx(X2, =X, )+F *(x,m —X,z,g)

best,g

Generate:

Jrana

=randint(1,D)
For j=1:D Dimension loop

If j=j., or rand(0,1)<CR then u,, =V, Else u, =X, .EndIf

iig
End for Dimension loop

U F —S

CR ? i F*

If E(X,,)<E(U,,) then X, ., =X, Else X

i ig g — MNig g T

o’ Xi,g —->A; CR->S
End If

End for Population size loop

Randomly remove solutions from A so that the cardinal of A isless or equal to NP
Hep =(1=C)* p1 +Cxmean,, (S,)

s =(1—c)* u +c*mean (S;)

End for Generation loop

End
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Figure 1. The weakly exchange rate series.

Table 2 presents the findings of the ADF test and PP test and formally con-
firms that the transformation of natural logarithms of Great Britain Pound-ETB
exchange rate is stationary.

Table 2 portrays the ARCH effect tests on the residuals of ARIMA(0, 0, 0)
model. These results show the presence of ARCH effects in the Great Britain
Pound-ETB exchange rate. This suggests that modeling ARCH/GARCH types
are appropriate for the data set. As result, the obtained basic statistical properties
of this data are given by Table 2.

Note:

e Mean < median usually flags left skewness.

¢ Negative skewness means left skewed data.

e Kurtosis > 3 means larger peakedness than Gaussian.

e Arch Test result with very small p-vlaue implies existence of strong hete-
roskedasticity.

e Jarquebera test result with very small p-value implies that the residual series
strongly follows the student’s #distribution.

Furthermore, Figures 1-4 are the corresponding figures of the weakly pound
to ETB exchange rate series, log return series, realized volatility series, residual
series, and histogram of the residual series, respectively.

Now by using the first 800 (that is, for 7= 800) simulated data points, the
study has obtained the following results. Since the study has identified as the re-
sidual series follows the student’s #-distribution, then by using this distribution
type EGARCH-ANN(I, 2, 2, 1) model is obtained as the best fitted model to this
selected data. Moreover, its fitness summary has presented by Table 3.

With addition informations like Log Likelihood: 2655, Akaike Information
Criteron: —5296 Bayesian Information Criteron: —5263 Hannan-Quinn Informa-
tion Criteron: —5283.
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Table 2. Statistical properties of weakly log return data.

Statistical properties of Weakly log Return data

Min. —-0.087221
Max. 0.112205
Mean 0.001240
Median 0.000924
Variance 0.000187
Skewness 1.137371
Kurtosis 16.288923
Arch test p-Value = 8.0384e—09
Jarque-Bera test (for alpha = 0.05) p-value = 4.4409¢e-16
ADF test p-Value = 1.0000e—03
PP test p-Value = 1.0000e—03

Table 3. The EGARCH-ANN(I, 2, 2, 1) model fitted to the given data.

Parameters Coefficients Std Errors t-stats
K —0.3398 0.1388 —2.4487
ARCHI1 0.2496 0.0536 4.6541
GARCHI1 0.2790 0.1341 2.0806
GARCH2 0.6781 0.1350 5.0217
Leveragel —0.0661 0.0341 —1.9402
Leverage by ANN1 0.3053 0.1453 2.1017
DoF 4.7485 0.6898 6.8839
0.15 T T
0.1 .
£
5 0051 .
o
8
>
x
g 0 i b
=
0.05 - 4
0.1 1 I L L 1 I L L
0 100 200 300 400 500 600 700 800 900
Time

Figure 2. The weakly log return series.
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Figure 3. The residual series.
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Figure 4. The histogram of the residual series.

To proceed to the parameters estimation of the Fuzzy-EGARCH-ANN model,
only number of rules (R) and the realized volatility are remaining to be deter-
mined. For our case, as mentioned earlier, R is going to be determined by Sub-
tractive clustering algorithm (SCA), and the realized volatility at time ¢ is the
square root of the square of residual series at time £ As R = 3 is obtained and the
graph of the realized volatility is given by Figure 5.

Therefore, for p=1g=2,m=2,s=1, by JADE with Achieve the estimated
parameter vector is given by Table 4 on page 15. Plus this, the corresponding
mean squared forecast errors (MSFE) value is 5.7150e-07.

Figure 6 is the figure that presents a summary and analysis of the MSFE ob-
tained by JADE with Achieve during the parameter estimation of the proposed
model.

Finally, Figure 7, and Figure 8 are the figures that presents a summary of es-
timated volatility by the proposed model for 7'= 800, and validation for 7= 864,
respectively. Here, the validation data set is the last 64 data points.
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Note: The Mean squared forecast error (MSFE) for this validation is 6.4176e—07,
which is very near to that of the Mean squared forecast error (MSFE) obtained
during the parameter estimation time. In addition to this its corresponding MAE
value is 1.3286e—04. Here, the model has fitted the data very well. As a result,
the following forecasted values has obtained for different periods are given by
Table 5.

Table 4. The estimated parameters of Fuzzy-EGARCH-ANN model on the first 800
simulated data points.

Parameters Coefficients Parameters Coefficients Parameters Coefficients
E, -2.2342 E, -4.8185 E, ~2.3790
a, ~0.0651 a, 0.1157 a, 0.3160
}/11 02112 I 0.8202 I ~0.4657
B, 0.2495 B, 1.3179 B 0.1111
B, 0.6169 B, ~0.6989 B 0.5320
£, ~1.0617 &, -0.1719 £, 0.8446

Table 5. 3 days ahead volatility prediction analysis of the Fuzzy-EGARCH-ANN(1, 2, 2,
1) model.

The last 4 realized

. T=2860 T=2861 T=862 T=2863 T=864
volatility value

2.9852e-05 8.8230e-05
2.8767e-05 5.7015e-07 3.5668e—05
0.0064 1.1514e-09 1.7548e-06 1.6494e-05
8.4387e-05 1.1406e—07 0.0042 7.1457e-05
1.6742e-05 0.0166 2.3501e-05 1.1993e-05
8.9092e-06 0.0178

0.0476

Weakly Realized Volatility
o o o o o o o
o o o o o o o
N w S (5] () ~ @
T T T T T T
Il 1 Il Il 1 1

o
o
T

1

0 I I A ! L I 1 1 1 l
0 100 200 300 400 500 600 700 800 900
Time

Figure 5. The realized volatility series.
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Figure 6. The MSFE obtained by JADE with archive.
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Figure 7. The estimated volatility for 7'= 800.
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Figure 8. The validation of volatility for 7= 864.
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4. Conclusion

In this work, a robust analysis of volatility forecasting of the GBP-ETB exchange
rate was provided using weekly data spanning the period June 30, 2003-January
24, 2020. To our knowledge, this was the first study that focuses on the GBP-ETB
exchange rate using high-frequency data and the Fuzzy-EGARCH-ANN econo-
metric model. The study documented evidence that Fuzzy-EGARCH-ANN(], 2, 2,
1) with students #distribution is found to perform best in terms of one-step-
ahead forecasting based on realized volatility calculated from the underlying
daily data series. A one-step-ahead forecasted conditional variance of weekly
GBP-ETB exchange rate portrays large spikes around 2010, 2018, and it is evi-
dent that weekly GBP-ETB exchange rates are volatile. These large spikes indi-
cate devaluation of Ethiopian birr against the Great Britain Pound. This volatili-
ty behavior may affect the International Foreign Investment and trade balance of
the country. Therefore, the research finds that the best performing model in
terms of one-step ahead forecasts based on realized volatility computed from the
underlying daily data series is the Fuzzy-EGARCH-ANN(1, 2, 2, 1) with students

t-distribution.
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