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Abstract

This study examines the impact of structural br on conditional variance and mean reversior
symmetric and asymmetric GARCH models. A multiplealiymint testing procedure was used to identify
structural break points in conditional variance of daityck returns of 8 commercial banks in Nigerign
stock market for the period 17th February, 2003 tb Sdptember, 2016. Standard GARCH, EGARCH
and TGARCH models with and without break points were appliex/aluate variance persistence, me¢an
reversion rates and leverage effects while estimating tondi volatility. Results showed high
persistence in conditional volatility for the banking stocksf when the random level shifts were
incorporated into the models, there was reduction in the ¢omdlitvolatility of these models. The half-
lives of volatility shocks also reduce in the preserfdbese regime shifts. TGARCH was found to be fthe
best fitting model among the standard GARCH and EGARCH feotdbe study recommends estimation
of volatility models to incorporate structural breaks in otdeavoid over estimation of shock persistence
in the conditional variance.
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1 Introduction

Volatility modeling of stock returns using Generalized Aegpessive Conditional Heteroskedasticity
(GARCH) type models has become topical among financiaarebers in recent years after its first
introduction by [1] and [2]. This is partly because GARGHe models are more successful in capturing
most of the volatility features or stylized factsfiofancial data such as volatility clustering, volatiliyock
persistence, volatility mean reversion, leverageceféad risk premium among others; and partly because
volatility is an important concept for many economic andrfoi@ applications such as risk management,
option trading, portfolio optimization and asset pricingeTrices of stocks and other assets depend on the
covariance structure (expected volatility) of returns. KBaand other financial institutions make volatility
assessments as a part of monitoring their risk expo8pre [

Recent studies have shown that volatility of stock retuwrm®nsiderably affected by sudden structural break
points or sudden regime shifts which occur as a result af, loternational or global financial, political and
economic crises or recession. In studies conducted by P§Bh results showed that the sum of
autoregressive parameters are always biased to unity staéonary processes are contaminated with
sudden regime shifts. It is therefore, more reasonabilectwporate these sudden shifts in variance when
modeling and estimating parameters of volatility models.

Several researchers have conducted studies that arel telatiedden shifts in variance across the globe. [6]
found that ignoring structural break points in volatilitgieases persistence in conditional variance of stock
returns whereas incorporating these sudden shifts in viplagliuces the persistence in conditional variance
using heteroskedastic models. [7] conducted a study oBahadian stock data using GARCH type models
and found that persistence in volatility shocks reduced dadigtiwhen the sudden break points were
considered while estimating conditional volatility. [8]hie predicting volatility in Gulf Arab countries
stock markets also found significant reduction in votstishock persistence when valid sudden shifts in
variance were incorporated. [9] examined the impastroictural breaks in conditional volatility on variance
persistence of asymmetric GARCH models using Bai @ardbR multiple breaks testing procedure to detect
structural break points in conditional variance of daftyck returns of seven emerging markets from 1977 to
2014. They estimated EGARCH (1,1) and TGARCH (1,1) witll avithout breaks and found that
persistency in variance significantly reduced when regihiiés were considered in the conditional volatility
of these models. The half-lives to volatility shocksevalso found to decline significantly in the presence of
these sudden break points. See [10,11,12,13] for similarilzations.

In Nigeria, studies relating to sudden shifts in conditia@alance of stock return volatility are very scarce.
However, [14] modeled abrupt shift in time series using indicaariable by employing symmetric and
asymmetric GARCH models with and without sudden shifts inamag. They used daily closing share
prices of 10 insurance stocks of the Nigerian stock exchiroge02/01/2006 to 26/05/2014. They found
that the highly persistence in volatility of most insuranceksteturn rates were reduced when the regime
shifts were incorporated into the models. In this paperextend the existing literature by investigating the
impacts of sudden regime shifts on the conditional varianceighft banking returns in Nigerian stock
market using both symmetric and asymmetric GARCH typeels with and without structural break points.

2 Materialsand M ethods

2.1 Data sour ce and integration

The data used in this study comprise of 2628 daily closing giares from ACCESS Bank covering the
period 04/11/2005 to 31/09/2016; 1645 daily closing share prices BEG@BANK covering the period
01/08/2010 to 31/09/2016; 2693 daily closing share prices froAMOIND Bank covering the period
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29/07/2005 to 31/09/2016; 3295 daily closing share prices oE8FIRank Holding covering the period
19/02/2003 to 31/09/2016; 3297 daily closing share prices G&MARRANTY TRUST Bank covering the
period 17/02/2003 to 31/09/2016; 3292 daily closing share prices froffEINBANK FOR AFRICA
covering the period 25/02/2003 to 31/09/2016; 3228 daily closing giies from UNION Bank covering
the period 06/06/2003 to 31/09/2016 and 2882 daily closing share froceZENITH Bank covering the
period 21/10/2004 to 31/09/2016 taken from www.nse.com. All the baeksoenmercial banks in Nigeria
and all the share prices are in Nigerian naira. The dailyrnsr, were calculated as the continuously
compounded returns corresponding to the first differences amitbms of closing prices of successive days.

P
7, = log (P—t) x 100 = [log(P;) — log(P,_,)] x 100 (2.1)
t—1

whereP, denotes the closing market index at the current gegndP;_, denotes the closing market index at
the previous dayt(— 1).

2.2 Bai and Perron test procedurefor multiple level shifts

Bai and Perron [15] proposed a test for multiple strattbreak points which predict persistently several
shifts in variance. The power of the test was strengthbgg16] which made the test more efficient. In the
model they considen breaks om + 1 regimes as a multiple linear model.

y=xIp+u, (2.2)
yi =xTB;+ 26 +u, 2.3)

whereu;~iid(0,02),i = 1,2,3,...,nand y; is the response variable at timendx; = [1, X, Xi3, ..., Xi]”
is a vector of ordek x 1 of independent variables one as its initial value @nd alsok x 1 vector of
coefficients. The hypothesis for random level shift is:

Hy: B; = Bofori =1,2,3,...,n(i.e., there is no random level shift in the seriesywemlternative that with
the random level shift in time the vector of coefficieatso changes, also assuming that they have no
stochastic behaviour as a departure from the null hypsthesi,

n
1
I/l = 0(1) and that ;inxiT Sz

i=1

where Z represents a finite matrix. This expression geriiné detection of multiple breakpoints in data. We
implement this same procedure in E-views version 8.0 to tdetedtiple break points in the given
commercial banks in this study before moving forwards.

2.3 Thebasic GARCH model with and without shiftsin variance

After getting date wise breaks in variance, we trgdtimate persistency in variance in order to determine
the impact of structural breaks on the conditional variavee start with the basic GARCH model without
incorporating dummy variable for volatility shifts. The skia Generalized Autoregressive Conditional
Heteroskedasticity or GARCH model was first introduced4}y The basic GARCH specification without
dummy variable is given by:

q p
of=w+ Z a;el; + z Biol (2.4)
=1 =1
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The requirements for stationarity in basic GARCH modeltha¢a; + 5; <1, a; =0, §; = 0and w > 0.
The GARCH model with dummy variable in the conditional variaeagven by:

q p ne
o =w +Zai£t2_i +Z,8]-at2_]- +Z¢CDUMC»j»t (2.5)
=1 =1 =1

wheres, is the innovation/shock at dayand it follows heteroskedastic error procegsis the volatility at
dayt (conditional variancek? ; is squared innovation at day- i, w is a constant ternp is the order of
the autoregressive GARCH teripjs the order of the moving average ARCH terqndenotes the total
numbers of date wise changes in matkdDUM is the dummy variables added to the conditional variance
which takes value 1 as the sudden shift comes out in condltioladility and elsewhere it takes value zero.

2.4 EGARCH model with and without dummy variable

The EGARCH model is an asymmetric GARCH model first progdmise[17] to overcome some weaknesses
of the basic GARCH model in handling financial time serpesticularly to allow for asymmetric effects
between positive and negative asset returns. EGAR@hdutilevel shifts in variance can be expressed as:

In(6?) = w + zp: a; { } + Zq: B;In(a? ;) + zr: Y [Z:IZ] (2.6)
=1 =1 =1

wherey represents the asymmetric coefficient in the modehdfrelationship between variance and returns
is negative then the value ¢f must be negative and significant. The difference betwgendy, is
expressed as impact of shocks on conditional volatflityoefficient represents the measure of volatility
persistence, which is usually less than one but asaiise approaches unity the persistence of shock
increases. The sufficient condition for the stationaritthe EGARCH model is thdB| < 1. The model
equation (2.6) also implies that the leverage effeeixgonential rather than quadratic and the forecasts of
the conditional variance are guaranteed to be non-negbtoxgever, the value of the intercepts, varies
according to the distributional assumptions.

Et—i
Ot

To facilitate the sudden shifts in variance we introduemmy variable in the specification of the above
model as follows:

p q r
g 3
In(c?) = w +z ai{L}+Zﬁjln(at2_j) +Z)’k[
4 Ot—i .
=1 =1 k=1

wheren, represents total numbers of date wise shifts in markBUM indicates dummy variable added to
the conditional variance model which takes value 1 as the swhi#rappears in conditional volatility
onwards and otherwise it takes value 0.

ne
Et—k
= ] + Z 4, ,DUM, @2.7)
t—k =1

2.5 TGARCH model with and without level shiftsin variance

After detecting the date wise breakpoint, we apply yetleer asymmetric model called threshold GARCH
or TGARCH introduced independently by Zokian [18] and Glosteal.419]. The generalized specification
of TGARCH for the conditional variance without dummyigale for level shifts is given by:

14 q v
2 = + o2 -+ g2 -+ 2 S_ 2 8
o =w Qi€ Bioi-; Vk€t—k Ot-k (2.8)
i=1 j=1 k=1
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whereS; = 1if &, < 0 and 0 otherwise.

In this model, good news,_; > 0, and bad news;;,_; < 0, have differential effects on the conditional
variance; good news has impact @n while bad news has an impact gf+y;. If y; > 0, bad news
increases volatility, and we say that there is a leesdfect for theé — th order. Ify # 0, the news impact
is asymmetric.

The TGARCH model with dummy variable for structural brpalots is given by:

14 q v N
=0+ ) et Y Botit ) neElSit ) 6 DUMe, 29)
i=1 j=1 k=1 1=1
Wheren, are total numbers of date wise changes, DUM denotes dwanmbles taking value 1 as the
sudden shift comes out in conditional volatility and elsewhdekes value zero.

2.6 Innovation densities

In assessing the essential parameters of GARCH-type syamtedr distribution has significant role to play.
[1] and [2] contributed the Gaussian distribution in ARCH and GARmodels respectively. The Gaussian
distribution has great contribution in assessing the parasnefeGARCH-type models but due to high
kurtosis in the financial data, it is unsuccessfulaptaring the fat tails of stock returns. To addressisiise
we use Generalized Error Distribution (GED) proposed 13§ [n the basic GARCH model and student-t
distribution in the asymmetric GARCH models to overcohig problem as anticipated by Bollerslev [2].

The Generalized Error Distribution introduced by [17], vehiire parameter is degree of freedom models the
heavy tails of returns is given as:

veT*/AIY
f(n) =———— (2.10)
Y eH)r @)
v
1/2
rir()
where 1 = Y

Herev is the heavy tail parametenif= 2, ¢ follows a standard normal distribution, butvik 2, 2 has
thicker tails and ify > 2, o has thinner tails. The student-t distribution is given by

I
() )

Wherer'(.) is the gamma function. The valuewgfdegree of freedom indicate the number of parameters t
be estimated. b > 4 the conditional kurtosis approximates3ia — 2)(v — 4)~! and is different from the
normal value of 3, but i — o« it approaches the standard normal distribution. Many esudsed several
distributions for innovation but in this paper we employed G&lbasic GARCH and student-t innovation
for asymmetric GARCH due to their fat tails capturindigband better estimation results.

f(ne) =

(2.11)



Kuhe and Chiawa; ARJOM, 7(4): 1-14, 2017; Articte ARJOM.33063

2.7 Volatility half-life

For any stationary GARCH-type model, the mean revertitg implied by most fitted models is given by
the sum of ARCH and GARCH parametefs, + ,) which is usually very close to 1. The magnitude of
(a; + B1) controls the speed of mean reversion. The half lifeaslatility shocks with and without sudden

shifts in variance is given by the formula:

Lyys =1 { log(2) } (2.12)

hatr = log(a; + 1) '
WhereL,,, stands for half life shock to volatility. The halfdifmeasures the average time it takes for
|e2 — 62| to decrease by one half. The clogey + B;) is to one the longer the half life of a volatility stock.
If (ay + ;) > 1, the GARCH model is non-stationary and the volatéixplodes to infinity.

2.8 Volatility forecast evaluation

In this paper three different accuracy measures & fos evaluating the performance of volatility forecasts
from different GARCH models. Suppose the forecast samgle=i¥ + 1,T + 2, ...,T + h and denote the
actual and forecasted value in pericalss? andé?, respectively. The reported forecast error statistie
computed as follows:

The Root Mean Square Error (RMSE): The RMSE is calculated as

The Mean Absolute Error (MAE): The MAE is calculated as

1 T+h
MAE == " |67 = o7
t=T+1

M ean Absolute Percentage Error (MAPE): The MAPE is computed as

T+h

MAPE—l z
" h

t=T+1

6f — af
2
O¢

X 100

RMSE and MAE depend on the scale of the dependent variatdse Bhould be used as relative measures
to compare forecasts for the same series across diffenedels; the smaller the error, the better the
forecasting ability of that model according to thatezign. The MAPE is scale invariant.

3 Results and Discussion

3.1 Descriptive statistics of daily returns

A descriptive analysis of daily return serieg}{for the eight commercial banks are displayed in Table 1.
The summary statistics shows that the mean of reteam@&@€CESS Bank, GTB and ZENITH Bank are
positive while the mean of returns for ECO, DIAMOND, HBK, UBA and UNION Banks are negative.
These negative mean returns indicate that the banks iddosgduring the study period. The daily standard
deviations of all the returns are quite high reflectirgh levels of dispersions from the average daily returns
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in the market over the period under review. The wide gapseen the maximum and minimum returns give
supportive evidence to the high level of variability of praidteanges in Nigerian stock market. The return
series for ACCESS, ECO, UBA and UNION Banks dispbmgitive skewness whereas the DIAMOND,
FBANK, GTB and ZENITH Banks returns exhibit negative skess. All returns exhibit excess kurtosis.
All the return series have non-normal distributions with Higttosis and skewness values. The Jarque-Bera
test rejects the null hypothesis of normality in all tbeirns with highly significant p-values.

Table 1. Summary statistics of banking returnsin Nigeria

Bank Mean Max. Min. SD Skew. Kurt. J-Bera P-value N

ACCESS 0.031 69.65 -21.25 3.2095 4.3700 100.38 D256 0.0000 2628
ECO -0.097 109.86 -70.15 4.6764 7.1154 266.76 3898®.0000 1645
DIAMOND -0.021 30.01 -29.64 3.1827 -0.123 16.14 ar1 0.0000 2693
FBANK -0.041 14.66 -70.70 3.0032 -5.189 112.67 12 0.0000 3295
GTB 0.048 14.85 -32.43 2.8248 -2.304 27.07 74929 00D 3297
UBA -0.017 60.26 -53.99 3.7788 0.4233 68.19 52921 .00@0 3292
UNION -0.038 167.43 -33.94 4.6625 15.339 576.17 4031 0.0000 3228
ZENITH 0.022 9.72 -40.58 2.6906 -2.175 31.33 882660.0000 2882

3.2 Unit root and heter oskedasticity test results

The Augmented Dickey-Fuller (ADF) and Phillips-Perron (RRit root tests presented in Table 2 shows
that the return series are all stationary. This meartstlileae is no unit root found in the return series.
Because ADF and PP unit root tests suffer from seveeedsstortions and low power problems depending
on the sample size, we also perform the Ng-Perron umittest in order to cross-check the results given by
the ADF and the PP tests. The Ng-Perron unit root tesltsewhich is presented in Table 3 interestingly
confirms the results given by the ADF and PP unit roos titt the return series are indeed stationary. To
test for ARCH effect in the return series, the LageMultiplier (LM) test procedure introduced by Engle
(1982) was employed. The result is reported in Tablend.pFvalues of the F-statistics as well ad afe all
highly statistically significant at 1% marginal significze levels. This means that all the eight commercial
banks stock returns exhibit heteroskedasticity and can be edoagihg ARCH or GARCH models.

Table 2. ADF and PP unit root test results

Returns ADF test statistic PP test statistic P-value 5% critical value
ACCESS -41.97 -41.97 0.0000 -3.41

ECO -33.31 -33.34 0.0000 -3.41
DIAMOND -41.44 -41.26 0.0000 -3.41

FBANK -48.25 -47.99 0.0000 -3.41

GTB -47.34 -46.88 0.0000 -3.41

UBA -28.84 -55.21 0.0000 -3.41

UNION -50.97 -50.94 0.0000 -3.41

ZENITH -42.05 -41.56 0.0000 -3.41

Table3. NG & Perron unit root test results

Ng-Perron test statistics MZa MZt MSB MPT
Asymptotic 5% critical values* -17.3000 -2.91000 16800 5.48000
ACCESS -1139.53 -23.8697 0.02095 0.07997
ECO -56.5142 -5.28715 0.09355 1.75060
DIAMOND -29.348° -3.9386: 0.0193¢ 2.2939:
FBANK -23.178: -4.5659° 0.0147: 0.9204:
GTB -1445.4¢ -26.883¢ 0.0186( 0.0631.
UBA -39.6506 -4.44762 0.11217 2.32523
UNION -1449.48 -26.9210 0.01857 0.06287
ZENITH -22.2140 -6.42294 0.01837 0.73292

Note: *denotes Ng-Perron (2001, Table 1)
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Table 4. Heter oskedasticity test results

Returns F-statistic P-value nR? P-value
ACCES¢ 9.98586! 0.000¢ 9.9863( 0.000¢
ECC 11.12578 0.002¢ 10.12596! 0.002%
DIAMOND 347.6080 0.0000 303.6446 0.0000
FBANK 7.032574 0.0080 7.020754 0.0081
GTB 15.81881 0.0001 15.74606 0.0001
UBA 901.3974 0.0000 692.7406 0.0000
UNION 8.193377 0.0002 8.193497 0.0004
ZENITH 9.497262 0.0021 9.469701 0.0021

3.3 Bai and Perron multiple breakpointstest results

With the application of Bai and Perron methodology to #tarn series, we obtained different break points
and dates for different commercial banks in Nigerian stock ehavie detect maximum of 5 break points
for ZENITH bank, 4 break points for ECO, DIAMOND an@®H@ banks and minimum of 3 break points for
ACCESS, FBANK, GTB and UNION banks. The structural brpaiats in volatility with time periods are
presented in Table 5.

Table5. Structural breakpointsin volatility with time periods

Banks Break points Time periods
ACCESS 3 2% May 2007-F February 2009
31% August 2010-18 January 2011
2" February 2012-2%February 2012
25" February 2012-18July 2013
ECO 4 7 June 200747 September 2007
18" April 2008-27" August 2008
39 March 2009-8 September 2009
19" February 2010-12July 2010
13" July 2010-24 February 2011
DIAMOND 4 28" June 2007-18January 2008
2™ February 2009-10September 2009
10" January 2011-25January 2011
28" June 2012-1 July 2012
8" July 2013-8 January 2014
FBANK 3 17" August 2005-18 August 2006
14" August 2007-2% January 2008
2™ February 2009- 25August 2009
8" April 2013-25" July 2013
GTB 3 6" June 20054 March 2006
16" April 2007-2F February 2008
17" February 2009-27August 2009
25" February 2011-1®August 2011
UBA 4 2" August 2005-2% March 2006
19" July 2007-8 August 2007
21 May 2008-21' August 2008
15" January 2009-25August 2009
16" February 2010-29September 2011
UNION 3 23 March 2005-19 February 2006
6™ August 2007-8 October 2008
6" February 2009- 25June 2009
15" June 2011-22 September 2011
ZENITH 5 20" August 2007-28 December 2007
17" April 2008-27" August 2008
28" August 2008-18 December 2008
4" January 2009- 28July 2009
239 September 2011-F70ctober 2011
11" January 2013'8June 2013
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The major reason for these structural break points igltitgal financial crises of 2007-2009 which affected
the Nigerian stock market particularly. The economaession in 2004 and the prices of oil problems in the
country was another cause, also in 2005-2006 the econmemivery in Nigeria commonly affect the
banking sector. The terrorist attacks of Niger Datiitants in 2011-2012 and Boko Haram in 2013 were
also a contributing factor. The other breaks detected aaer@sult of local or domestic individual political
and economic crises in the country. The date wise breakspaany from bank to bank due to individual
factors and politics internally affecting these banks.

3.4 Symmetric and asymmetric GARCH models without breaks

After obtaining sudden level shifts in variance we fiagiplied symmetric GARCH (1,1), asymmetric
EGARCH (1,1) and TGARCH (1,1) without dummy variables lie eight bank returns. The results are
presented in Table 6 and Table 7. In the symmetric GARICH (nodel all the parameters in the conditional
variance equations are highly statistically significartite Bhock persistence paramei@y) (s quite high in

all the eight banks with UNION bank having the highest valug, 6t 0.9253 and ACCESS bank having
the least value g8, = 0.5648. The mean reverting rates of volatility shocks arestationary as the sum of
ARCH and GARCH termsof + f3;) are strictly less than unity in all the banking stocks.tRerEGARCH
(1,1) and TGARCH (1,1) models all the parameters in the donéltvariance equations are statistically
significant at 5% significance levels except for the lagereffect parameters in ECO, DIAMOND and UBA
banks. For ACCESS, FBANK, GTB, UNION and ZENITH banthe impact of shocks on conditional
volatility are asymmetric which indicates the presesfdeverage effects. The leverage effect parameters are
negative and significant indicating that market retrebtsl (news) produces more volatility than market
advances (good news) of the same modulus. The shockt@ecsiparameterg () are also very high for
both EGARCH (1,1) and TGARCH (1,1) in all the eight bankh wWNION bank having the highest value
of B; = 0.846 for EGARCH (1,1) ang; = 0.801 for TGARCH (1,1) while ZENITH bank has the least
value of 8, = 0.538 for EGARCH (1,1) and DIAMOND bank has the least valueBpf 0.505 for
TGARCH (1,1). The mean reverting rates of volatility ckebare quite high but very stable as the sum of
ARCH and GARCH termsaf, + ;) are strictly less than unity in all the banking stocksilgvirsing GED
innovation for symmetric GARCH (1,1) and student-t innovatitmsasymmetric EGARCH (1,1) and
TGARCH (1,1), it is glaring to know that all the estied models detain the fat tails behaviour typical of
financial time series data.

Table 6. Symmetric GARCH (1,1) result without structural breakswith GED innovations

Bank Symmetric GARCH modelswithout breaks
u ® a; B1 a; + By v

ACCESS 0.0002 1.0592* 0.3882* 0.5648* 0.9680 1.6244
ECO -0.0912* 0.0436* 0.3528* 0.6471* 0.9999 1.0524*
DIAMOND 0.0004 0.1327* 0.2933* 0.6802* 0.9735 0.942
FBANK 0.0003 0.0360* 0.2746* 0.6928* 0.9674 0.9641*
GTB -0.0001 0.9655* 0.2993* 0.6910* 0.9903 0.7783*
UBA -0.0002 3.4855* 0.1520* 0.8465* 0.9985 0.8881*
UNION 0.0001 3.1113* 0.0260* 0.9253* 0.9513 1.1235*
ZENITH -0.0000 0.2120* 0.2808* 0.7073* 0.9881 0.884

Note: *denotes the statistical significant result at T8arginal significance level

3.5 Symmetric and asymmetric GARCH modelswith structural breaks

We considered the detected break points by incorporatingngunmariables in the conditional variance
equations of the estimated GARCH-type models. We firstidensymmetric GARCH (1,1) and then
asymmetric EGARCH (1,1) and TGARCH (1,1) models. Theltesuwe presented in Table 8 and Table 9.
The estimated results show significant decrease in the gfesslstence parametgy for all the estimated
models due to incorporating these sudden level shifts. Ttee meverting ratesaf + f5,) also declined
significantly for all the stock returns as a result afluding these level shifts in the conditional variance
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equations. Apart from GTB and ZENITH banks where the indiceaariabled is positive and significant in
case of symmetric GARCH (1,1) model and positive andymifétant in case of asymmetric EGARCH
(1,1) and TGARCH (1,1) models indicating that the global firenciises did not affect them, the shift
variable¢ is negative and significant in ACCESS, ECO, DIAMONBANK, UBA and UNION banks for
symmetric GARCH (1,1), asymmetric EGARCH (1,1) and TR&H (1,1) models indicating that the global
financial meltdown affected them negatively.

Table 7. Asymmetric GARCH resultswithout structural breakswith t innovations

Bank EGARCH modelsresults without dummy
u ) a, B1 a, + B 14 v
ACCESS -0.000 -0.088* 0.351* 0.634* 0.985 -0.144* A
ECC -0.00( 0.442° 0.429° 0.563’ 0.99: -0.03¢ 3.728’
DIAMOND -0.002 -0.192* 0.385* 0.559* 0.944 0.014 688*
FBANK 0.001 -0.154* 0.336* 0.641* 0.977 -0.228* 24
GTB 0.000 -0.197* 0.267* 0.726* 0.993 -0.137* 2.811
UBA -0.009 -0.196* 0.245* 0.752* 0.997 0.019 3.305*
UNION 0.000 0.020* 0.047* 0.846* 0.993 -0.121* 4084
ZENITH 0.001* -0.203* 0.461* 0.538* 0.999 -0.450* AB4*
TGARCH modelsresults without dummy
ACCESS 0.000 0.000* 0.310* 0.685* 0.995 -0.304* 158
ECO 0.000 0.586* 0.373* 0.625* 0.998 0.032 2.718*
DIAMOND 0.000 0.001* 0.491* 0.505* 0.996 0.341 296
FBANK -0.000 0.000* 0.292* 0.664* 0.956 -0.177* jules
GTB 0.000 0.000* 0.375* 0.589* 0.964 -0.376* 2.318*
UBA -0.000 0.000* 0.420* 0.564* 0.984 -0.183 2.717*
UNION 0.000 0.000* 0.178* 0.801* 0.979 -0.856* 2398
ZENITH 0.000 0.000 0.425* 0.574* 0.999 -2.923* 294

Table 8. Symmetric GARCH (1,1) result with structural breaksin GED innovations

Bank Symmetric GARCH modelswith breaks

n w a, B1 ay+ B4 v ) ARCH
ACCESS 0.000 0.000 0.273* 0.495* 0.768 2567 -@00 0.9816
ECO -0.001 0.001* 0.327* 0.466* 0.793 2.274*  -0.800 0.9741
DIAMOND -0.000 0.000 0.343* 0.456* 0.799 3.115*  06* 0.9674
FBANK 0.000 0.000 0.227* 0.519* 0.746 2.262* -0.807 0.9584
GTB 0.00(¢ 0.00(¢ 0.364° 0.525’ 0.88¢ 2.183* 0.001’ 0.980(
UBA 0.00( 0.000° 0.395° 0.581° 0.97¢ 2.743*  -0.008* 0.981¢
UNION 0.00(¢ 0.00(¢ 0.239° 0.496’ 0.73¢ 2.459*  -0.003* 0.985:
ZENITH 0.000 0.000* 0.285* 0.609* 0.894 2.582* 0891 0.9710

3.6 Half-life shocks to volatility with and without structural breaks

We also estimated the half-lives of volatility shocks far symmetric GARCH (1,1), asymmetric EGARCH
(1,1) and TGARCH (1,1) for the eight stock returns. The tesue presented in Table 10. The volatility half
life measures the average number of days it takedadility shock to decrease by 0.5 to its size. Forlal t
models without structural breaks, the volatility half-live® quite high. However, half-lives of volatility
shocks decline significantly when the random level shifesincluded in these models.

3.7 Model selection criteria and diagnostic checks

From the three competing GARCH-type models for the eightibgnitock returns, the selection of the
model that gives the best fit in each bank return wasechoiit using the Log likelihood (LogL), Akaike

information criterion (AIC), Schertz information criteri¢gBIC) and Hannan Quinn criterion (HQC). The
model with the highest LogL and minimum information critgnieduces the best fit. From the results of our

10



Kuhe and Chiawa; ARJOM, 7(4): 1-14, 2017; Articte ARJOM.33063

model selection presented in Table 11, TGARCH (1,1) produsedeést fit for ACCESS, DIAMOND,
FBANK, GTB, UBA, UNION and ZENITH banks while EGARCH,1) produced the best fit for ECObank.
This clearly indicates that asymmetric GARCH modaigdpce better fits in volatility models. All the
estimated GARCH models passed the diagnostic checks asvidlaes of the ARCH LM test statistics are
highly statistically insignificant in all cases.

Table 9. Asymmetric GARCH resultswith structural breaksin t innovations

Bank EGARCH modelswith breaks
u [ ay B1 A Y v ) ARCH
ACCESS 0.000 0.087* 0.324*  0.575* 0.899 -0.053* 512 -0.000*  0.9338
ECO 0.001 1.820* 0.430* 0.539* 0.969  0.059* 1.152* -0.008*  0.9453
DIAMOND 0.000 -0.219*  0.403*  0.493* 0.896  0.003 4% -0.005*  0.8898
FBANK 0.000 -0.169*  0.414*  0.485* 0.899  0.043* 088 -0.003* 0.9774
GTB 0.000 -0.069* 0.417*  0.552* 0.969 0.075* 0.906* 0.009 0.8648
UBA -0.001 3.453* 0.399*  0.597* 0.986  0.042* 1.042* -0.004*  0.4692
UNION 0.000 0.542* 0.424*  0.555* 0.979 -0.024 1.112 -0.007* 0.9713
ZENITH -0.000 -0.125*  0.482*  0.506* 0.988 0.007 518 0.004 0.9975
TGARCH modelswith breaks
ACCESS 0.003 0.843* 0.357* 0.627* 0.984 -0.060 091 -0.007* 0.9425
ECO -0.000 0.859* 0.563* 0.429* 0.992 -0.163 0.944* -0.000*  0.9501
DIAMOND 0.000 0.144* 0.532* 0.455* 0.987 -0.032 08 -0.003*  0.5005
FBANK -0.000 0.045* 0.334* 0.543* 0.877 0.134* 18%4 -0.005* 0.8048
GTB -0.00C 0.593’ 0.358° 0.521° 0.87¢ -0.12¢ 0.815’ 0.00¢ 0.802¢
UBA 0.000 0.297* 0.505* 0.474* 0.979 0.018 0.775* 0.608*  0.9203
UNION 0.003 1.097* 0.407* 0.532* 0.939 -0.145* 1149 -0.007* 0.9772
ZENITH -0.000 0.080* 0.449* 0.542* 0.991 0.038 087 0.006 0.6856

Note:A = a;, + B,

Table 10. Half-life shocks to volatility with and without structural breaks

Bank Basic GARCH (1,1) EGARCH (1,2) TGARCH (1,1)
Without With breaks ~ Without With breaks ~ Without With breaks
breaks breaks breaks

ACCESS 22 4 47 8 139 44

ECO 7 4 87 23 347 87

DIAMOND 27 4 13 7 174 54

FBANK 22 4 31 8 16 6

GTB 72 3 100 23 20 6

UBA 463 30 232 50 44 34

UNION 15 3 100 34 34 12

ZENITH 59 7 694 54 694 78

3.8 Modelsforecast performance evaluation

To select the best forecast performance model among the tompeting GARCH models for the eight
banking stock returns, we employed model accuracy measamg/yn Root Mean Square Error (RMSE),
Mean Absolute Error (MAE) and Mean Absolute PercentagerEMAPE). The results are presented in
Table 12. The smaller the accuracy measure, the bbédoitecast performance according to our criterion,
TGARCH (1,1) produced better forecasts in ACCESS, DIAMONIBA and ZENITH banks while
EGARCH (1,1) provided better forecasts for ECO, FBANK, Gdil UNION banks. It is important to
mention that in terms of comparing the best fitting GARCH ehahd the best forecast performance
GARCH model, the evidence provided by this study showsthiealbest fitted models are not necessarily the
best forecast performance models. However, all theetlmompeting GARCH models can be used for
forecasting purposes since the differences between theagaganeasures are quite small.
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Table11. Model selection criteria and diagnostics of the estimated GARCH-type models

Banks M odel Model selection criteria ARCH LM test
LogL AlIC SIC HQC F-stat. P-value
ACCESS GARCH (1,1) -5393 4.6450 4.6574 4.6495 (1005 0.9416
EGARCH (1,1) -5302 45677 4.5826 45731 0.0025 ™96
TGARCH (1,1)* -4952 4.2669 4.2817 4.2722 0.0006 0.9807
ECO GARCH (1,1) -3299 49277 4.9471 4.9350 0.0041 .94
EGARCH (1,1)* -3214 4.8021 4.8254 4.8108 0.0048 0.9446
TGARCH (1,1) -5327 4.8225 4.8458 4.8312 0.0039 @195
DIAMOND GARCH (1,1) -56327 4.4637 4.4758 4.4681 (B84 0.4611
EGARCH (1,1) -5188 4.3484 4.3629 4.3537 0.0050 E094
TGARCH (1,1)* -4630 3.8812 3.8957 3.8865 0.0017 0.9670
FBANK GARCH (1,1) -6147 4,1138 4.1238 4.1174 0.0314 0.8593
EGARCH (1,1) -6025 4.0327 4.0447 4.0370 0.0144 9190
TGARCH (1,2)* -4018 2.6941 2.7030 2.6953 0.0028 0.9580
GTB GARCH (1,1) -6414 4.2891 4,2991 4.2976 0.0847 .7701
EGARCH (1,1) -6356 4.2515 4.2635 4.2558 0.0658 1679
TGARCH (1,2)* -5297 3.5432 3.5553 3.5476 0.0006 0.9800
UBA GARCH (1,1) -7141 47831 4.7931 4.7867 0.1364 .71@0
EGARCH (1,1) -6993 4.6850 4.6971 4.6894 0.0170 @889
TGARCH (1,1)* -5862 3.9275 3.9396 3.9319 0.001: 0.972¢
UNION GARCH (1,1) -7234 4.9514 49617 4.9551 0.0012 0.9699
EGARCH (1,1) -7060 4.8328 4.8451 4.8372 0.0006 @98
TGARCH (1,2)* -4357 2.9842 2.9965 2.9886 0.0003 0.9852
ZENITH GARCH (1,1) -15276 4.0973 4.1087 4.1015 624 0.8317
EGARCH (1,1) -5051 3.9230 3.9367 3.9280 0.0012 ZB97
TGARCH (1,1)* -4734 3.6774 3.6910 3.6823 0.0023 0.9618

Note: *denotes optimal Model selected by the infdionecriteria

Table 12. Forecast performance evaluation of estimated GARCH-type models

Bank M odel Accuracy measur es
RM SE MAE MAPE
ACCESS GARCH (1,1) 3.2090 2.0124 85.3699
EGARCH (1,1) 3.2090 2.0124 85.3703
TGARCH (1,1)* 3.2090 2.0124 85.3668
ECO GARCH (1,1) 4.6756 2.1856 62.9366
EGARCH (1,1)* 4.6755 2.1854 62.9364
TGARCH (1,1) 4.7091 3.4898 63.6042
DIAMOND GARCH (1,1) 3.1821 21171 80.0376
EGARCH (1,1) 3.1821 2.1174 80.0133
TGARCH (1,1)* 3.1820 2.1170 79.8898
FBANK GARCH (1,1) 3.0030 1.7508 85.2540
EGARCH (1,1)* 3.0030 1.7507 85.2514
TGARCH (1,1) 3.0030 1.7508 85.2558
GTB GARCH (1,1) 2.8247 1.7721 87.2375
EGARCH (1,1)* 2.8247 1.7721 87.2365
TGARCH (1,1) 2.8247 1.7721 87.2369
UBA GARCH (1,1) 3.7782 2.2272 85.9417
EGARCH (1,1) 3.7782 2.2282 85.9627
TGARCH (1,1)* 3.7780 2.2271 85.8437
UNION GARCH (1,1) 4.6619 2.2731 79.8998
EGARCH (1,1)* 4.6618 2.2729 79.8806
TGARCH (1,1) 4.6619 2.2760 80.0040
ZENITH GARCH (1,1) 2.6708 1.6735 85.7489
EGARCH (1,1) 2.6908 1.6771 87.4037
TGARCH (1,1)* 2.6701 1.6712 85.1429

Note: *denotes the best forecasting model seldzyestcuracy measures

12



Kuhe and Chiawa; ARJOM, 7(4): 1-14, 2017; Articte ARJOM.33063

4 Conclusion

This study examines the impact of structural breaks on tondi volatility and mean reversion in
symmetric and asymmetric GARCH models by applying Bad Perron multiple breakpoint testing
procedure to detect structural break points in conditionahivee of daily stock returns of 8 commercial
banks in Nigerian stock market for the period 17th Febri2093 to 3% September, 2016. These sudden
shifts in volatility are due to the global financial exss Niger Delta militant/Boko Haram attacks as well a
local or domestic political and economic events. Havdentified logical date wise structural breaks, we
employed standard GARCH, EGARCH and TGARCH models with aitidout break points to evaluate
variance persistence, mean reversion rates and leveffegés while estimating conditional volatility. The
log likelihoods and information criteria were used in sébgcthe best fitting models while the forecast
performances of these estimated GARCH models were é¢edluaing Root Mean Square Error (RMSE),
Mean Absolute Error (MAE) and Mean Absolute PercentBgeor (MAPE). The results showed high
persistence in conditional volatility for the banking stockst when the random level shifts were
incorporated into the models, there was reduction in the ¢omalitvolatility of these models. The half-lives
of volatility shocks also reduce in the presence of thegene shifts. TGARCH was found to be the best
fitting model among the standard GARCH and EGARCH modelsdder, the best fitting models were not
necessarily found to be the best forecasting modeis. sthdy recommends estimation of volatility using
asymmetric GARCH models by incorporating structurabksewhich is necessary to avoid over estimation
of shock persistence in the conditional variance and to dfesvflow of market information and wide range
of aggressive trading of securities so as to increaskemdepth and make the Nigerian stock market less
volatile.
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