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Abstract

This paper focuses on the estimation of volatilitysing Autoregressive
Conditional Heteroscedastic (ARCH) and Generaliz&&kRCH (GARCH) models.
Volatility clustering which is an important featureof most financial assets is
examined. The closing prices of stocks from theipdrJanuary 2¢ to December 31
2012 of four major companies: First Bank of Nigeri@LC (FBN), Guarantee Trust
Bank (GTB), Unilever Nigeria PLC (UNIL) and Nestl€oods PLC (NEST) was used
in this study. Using FBN as the proxy endogenougiaale, we found that the ARCH
term and the closing prices of stock returns fronNUWL are major factors responsible
for the volatility in the stock returns of FBN fothe period under consideration.

Keywords: Volatility, Volatility Clustering, ARCH model, GARB model, endogenous variable, exogenous
variable

1.0 Introduction

Data in which the variance of the error terms ae aqual, in which error term may reasonably beeeied to be larger for
some point or ranges of the data than others a@itkte suffer from heteroscedaticity. ARCH and &atized ARCH
(GARCH) models treat heteroscedasticity as a vaedn be modeled and these models have been widety in financial
time series analysis. Volatility refers to the sutef all likely outcomes of an uncertain variat8¢atistically, volatility is
often measured as the sample standard deviationet8nes, variance”is used also as a volatility measure. An important
feature of any series of financial asset returreg ffrovides a motivation for the ARCH class of nledis known as
“volatility clustering” or “volatility pooling”. Vdatility clustering describes the tendency of laoj@nges in asset price (of
either sign) to follow large changes and small gesn(of either sign) to follow small changes. Tisato say, the current
level of volatility tends to be positively corredal with its level during the immediately precedpegiods.

ARCH model was first introduced in [1] and it hameb used in asset pricing to develop volatility.t@srigorous study of
the behavior of speculative prices was first comelién [2]. There was then a period of long sileno&l Mandelbrot [3-5]
revived the interest in the time series propertéssset prices with his theory that ‘random vddabwith an infinite
population variance are indispensable for a wokkaleiscription of price changes’ (cf [4], p. 42XjioPto the introduction of
ARCH model, researchers were very much aware afgdén variable but used only informal procedur¢ate account of
this. It has been argued in [6] that “it is botlgitally inconsistent and statistically inefficieiat use volatility measure that
are based on the assumption of constant volatiligr some period when the resulting series movesigin time”.

2.0 Methodology
A basic question here is: How could volatility dlersng be parameterized (modeled)? One approath ise an ARCH

model. To understand how the model works, a déimiof the conditional variance of a random varal| is required. The

. . 2 . .
conditional varianctl, may be denoted & and is written as

O—tzzvar( ut‘ut—liut—z."' ): El(ut - E(ut)2 )|ut—l'ut—2"' ] )
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It is usually assumed thE(ut) =0, so that

2 _ 2
0, :var( ut‘ut—l’ut—z."' )_ Elut |ut—17ut—2"'] )
Equation (2) states that the conditional variant@ @ero mean normally distributed random varial)jeis equal to the

conditional expected value of the squareupf Under the ARCH model, the ‘autocorrelation inatdity is modeled by

allowing the conditional variance of the error tetfr‘ig2 to depend on the immediately previous value ofstpeared error
and we write

o’ =a, +aui 3)

The model described above is known as ARCH(1) siheeconditional variance depends on only one ldgmgiared error.
Observe that equation (3) is only a partial modeice nothing has been mentioned about the conditimean. Under
ARCH, the conditional mean equation (which desaribew the dependent varialfe, varies over time) could take almost
any form that the researcher wishes. One exampefdf model would be

Y. =B+ ﬂzxzt + ﬂaxst + B Xy U, ,ut ~ N(O’ Jtz) 4)

o’ =a, +aui )
The model given by Equations (4) and (5) would lgds® extended to the general case where the ear@ance depends on
the J lags of squared errors, which would be known a8REH(q) model and written as
2
0 =0, + U’ +a,U% +..+ a U (6)
The GARCH model which was developed independentlyj and [8] allows the conditional variance todependent upon
previous own lags, so that the conditional variagmeation in the simplest case is now
2
0" =a, +auia+ o 7)

2
Equation (7) is a GARCH (1, 1) model whéfg is known as the conditional variance since it @a period ahead estimate

for the variance calculated based on any pastrmdtion thought relevant. The GARCH (1,1) model banextended to a
GARCH(p, q) formulation where the current condiibvariance is parameterized to depend upon g dadke squared
mean and p lags of the conditional variance andvrite

2
0" =a, +a Ui+ aUte ot AU + B0 + B,0% 0 . B,0% ®)
q p
2
O, :ao'l'zaiuzt—i +Zﬁjazt—i (9)
i=1 j=1

2.1 Estimation of ARCH and GARCH Models

The steps involved in estimating ARCH or GARCH misdme:

0] Specify the appropriate equation for the mean had/ériance

(i) Specify the Log-Likelihood Function (LLF) to maxipéi under a normality
assumption for the disturbances.

(iii) Maximize the function and generate parameter vamesconstruct their errors.

3.0 Datasets and Analysis

The data consists of closing prices of stock restifvionday to Friday trading periods) of FBN, GTB\IL and NEST for
the period January'® to December 31 2012 available at the website of Central Se@si€learing System Nigeria Plc, see
[9]. In order to make the data continuous, periatisre data was not available either due to puldldays or other events
were assumed to be the same price as the lasdpedsing price before the break. The datasets feermed to be non—
stationary when tested for unit root at the leweding Augmented-Dickey Fuller (ADF) method avaitalih the software
EViews. The data was further tested for unit roofirat difference using Augmented Dickey-Fuller thied and the was
found to be stationary at first difference. Ifststationary at first difference, then it will alse stationary at second, third and
other difference. The model is estimated using #fiégionary data of FBN, GTB, UNIL and NEST whicle wienote as
DFBN, DGTB, DUNIL and DNEST respectively. The toraimber of observations is 261.
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3.1 Garch (1,1) Model Specification Using Eviews

In this section, we specify the appropriate moddd¢ used for the data estimation. This modehigldd into two: the mean
equation and the variance equation. Using theosiaty data: DFBN, DGTB, DUNIL and DNEST, we have thllowing:
The Mean Equation:

DFBN =C, +C,lag,DFBN +C,DGTB +e (10)

The residualsg) are extracted from the model and must be testeARCH effect. If there is an ARCH effect and ¢kring
volatility on the residuals after computing equat{d@0), it is then suggestive that the residuatmor term is conditionally
heteroscedastic and can be represented by ARCIBARCH model.

The Variance Equation:

H, =C, +C,H,_, +C,€%1 +C,DUNIL+ C,DNEST (10)

The residual€) obtained from equation (10) is used in derivingaion (11)

H., is the variance of the residual (error term) aigedifrom equation (10). It is also known as cursedty variance or
volatility of FBN. H,_; is the previous day’s residual variance or vdtgtibf FBN stock returns. It is known as the

GARCH term.e?-1is the previous period’s squared residual derivechfequation (10) and it is also known as previous
day’s stock return information about volatility.istthe ARCH term.

Equation (11) is a GARCH (1, 1) model as it has &RCH ( e’ ) and one GARCH ter|(1 H., )

variance equations given by (10) and (11) are eséichsimultaneously using [10].

. The mean and

4.0 Results and Discussion

4.1  Arch Testing

Hypothesis Formulation:

Null: There is no ARCH effect

Alternative: There is ARCH effect

The decision rule is to reject the null hypothékihe p-value of the observed R squared is leas 8% and to accept the
alternative that there is ARCH effect on the realdu

The plot of the residual for clustering volatilityr the period of January"®to December 31(261 days) 2012 for FBN is
given in Figure 1
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Figure 1: Plot of the residual for clustering volaility for FBN
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Figure 1 shows that a period of low or small vdilgtis followed by another period of period of losv small volatility and
period of high or large volatility is followed byather period of high or large volatility. We cdretefore conclude that the
residuals of FBN stock return estimated using €qodtl0) has a clustering volatility for the periofiJanuary to December
2012. Next, the test for ARCH effect on the resldigconducted. The result of this test is gived able 1:
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Table 1: Test for ARCH effect on the residuals

ARCH Test:
F-statistic 14.24023  Prob. F(1,256) 0.000200
Obs*R-squared 13.59524  Prob. Chi-Square(1) 0.000227

Test Equation:

Dependent Variable: RESID"2

Method: Least Squares

Date: 07/06/13 Time: 06:05

Sample (adjusted): 1/05/2012 12/31/2012
Included observations: 258 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.

C 0.058617 0.010201 5.746398 0.0000
RESID"2(-1) 0.229651 0.060857 3.773623 0.0002
R-squared 0.052695 Mean dependent var 0.076185
Adjusted R-squared 0.048994  S.D. dependent var 2094
S.E. of regression 0.145789  Akaike info criterion 1.005595
Sum squared resid 5.441114  Schwarz criterion -0578
Log likelihood 131.7217  F-statistic 14.24023
Durbin-Watson stat 1.985881  Prob(F-statistic) 0201010)

Here, the value of the observed R squared is134698% P-value is 0.000227. Since the P-valueHisrmodel is less than
5%, we reject the null hypothesis and conclude ttimatesiduals of FBN stock return for the periédanuary to December
2012 has ARCH effects. Now that the residuals afagign (10) has a clustering volatility and ARCHeets, we now
evaluate the GARCHY(1, 1) model using the residahéjuations (10) and (11)

4.2 Estimating the GARCH (1, 1) Model: Variance Equation
The GARCH model is estimated using three underldistributions. They are:

(i) Normal Gaussian Distribution (ii) Student’s itvfixed degrees of freedom and
(iii) Generalised Error Distribution (GED)

In the GARCH (1,1) model, under the variance eiquatl1), there will be one ARCH terne@?-1 represented as RESID(-
1)*2 and one GARCH terrt,_; represented as GARCH(-1) in EViews computatiore Thefficients of either the ARCH

or GARCH term or the exogenous variables are sabtsignificant or contribute to the volatility BBN stock return if and
only if the value of the p-value correspondinghteste coefficients are less than 5%; otherwise dineyot significant.
Now, using the Normal Gaussian distribution, theuteof the GARCH(1,1) model is given in Table 2
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Table 2: GARCH(1,1) model using the Normal Gaussiadistribution
Dependent Variable: DFBN

Method: ML - ARCH (Marquardt) - Normal distribution

Date: 02/26/14 Time: 09:17

Sample (adjusted): 1/04/2012 12/31/2012

Included observations: 259 after adjustments

Convergence achieved after 40 iterations

Variance backcast: ON

GARCH = C(5) + C(6)*RESID(-1)"2 + C(7)*GARCH(-1) €(8)*DNEST
+ C(9)*DUNIL

Coefficient Std. Error z-Statistic Prob.

@SQRT(GARCH) 0.661265 0.309233 2.138406 0.0325
C -0.156772 0.076639 -2.045580 0.0408
LAG1DFBN -0.008619 0.070741 -0.121833 0.9030
DGTB 0.018361 0.024975 0.735168 0.4622

Variance Equation

C 0.048678 0.008547 5.695689 0.0000
RESID(-1)"2 0.409938 0.110782 3.700415 0.0002
GARCH(-1) -0.009233 0.112582 -0.082014 0.9346
DNEST -0.000460 0.000419 -1.096945 0.2727
DUNIL 0.009261 0.008359 1.107903 0.2679
R-squared -0.011128 Mean dependent var 0.025676
Adjusted R-squared -0.043485 S.D. dependent var 77403
S.E. of regression 0.283370  Akaike info criterion 22¥207
Sum squared resid 20.07470  Schwarz criterion 03508
Log likelihood -20.42327 Durbin-Watson stat 1.95272

Under Normal Gaussian distribution, the standardadien or volatility {@SQRT(GARCH)} of First Banks 0.661265 and
it is very significant because the p-value is [#smn 5%. For the one period lag of the first dédfece stationary data of
closing prices of stock returns of FBN (LAG1DFBN, coefficient is negatively related to FBN and significant as its p-
value is more than 5%.This means that previousemeturn of FBN does not affect the current stastikinn of FBN. The
coefficient of DGTB is positively related to theroent price of FBN stock return but not significafithe value of the
coefficient of the ARCH term RESID (-1) *2 is 0.4B and the corresponding p-value is 0.0002. Tleffic@ent of the
ARCH term is positive and significant meaning ttia previous day’'s FBN stock return informationaftis ARCH) can
influence today’s stock return volatility.

For this distribution, the coefficient of GARCH i8.009233 and the corresponding p-valueis 0.934& doefficient of
GARCH is negative and not significant. It meang g@vious day’s FBN stock return volatility canriofluence today’s
FBN stock volatility. Also, the coefficients of tlexogenous variables (DUNIL and DNEST) are notifigant. This means
that volatility in the stock return of UNIL and NESJoes not influence the volatility in stock retusfiFBN. Hence, the
volatility of FBN stock is influenced by its ownternal shock, that is, within information or marksents that takes place in
the company and not the external shock of otherpemies like UNIL and NEST. Again, the model imsidlered using
another distribution- Student’s t with fixed degged freedom. Table 3 gives the result of the GARCH) model using this
distribution.
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Table 3: GARCH (1,1) model using Student’s t withiked degrees of freedom.
Dependent Variable: DFBN

Method: ML - ARCH (Marquardt) - Student's t distrtipn

Date: 02/26/14 Time: 09:19

Sample (adjusted): 1/04/2012 12/31/2012

Included observations: 259 after adjustments

Convergence achieved after 60 iterations

Variance backcast: ON

t-distribution degree of freedom parameter fixed @t

GARCH = C(5) + C(6)*RESID(-1)"2 + C(7)*GARCH(-1) €(8)*DNEST
+ C(9)*DUNIL

Coefficient Std. Error z-Statistic Prob.

@SQRT(GARCH) 0.435075 0.116150 3.745816 0.0002
C -0.089515 0.026261 -3.408596 0.0007
LAG1DFBN -0.017258 0.067044 -0.257418 0.7969
DGTB 0.016471 0.022231 0.740915 0.4587

Variance Equation

C 0.043895 0.007264 6.042512 0.0000
RESID(-1)"2 0.508436 0.119296 4.261958 0.0000
GARCH(-1) -0.044424 0.076165 -0.583253 0.5597
DNEST -0.000658 0.000398 -1.652820 0.0984
DUNIL 0.021457 0.006235 3.441296 0.0006
R-squared -0.003116 Mean dependent var 0.025676
Adjusted R-squared -0.035216 S.D. dependent var 77403
S.E. of regression 0.282245  Akaike info criterion .168709
Sum squared resid 19.91563  Schwarz criterion 0@®23
Log likelihood -12.84787 Durbin-Watson stat 1.95860

Table 3 shows that the standard deviation whictinésvolatility of FBN given as @SQRT (GARCH) is 85075 and is
significant. Also, LAG1DFBN is negatively relatedl EBN stock return. The coefficient of DGTB is pogly related to the
volatility of FBN but not significant. The ARCH ter here is also significant and has a major impadhe volatility of FBN
stock return. The GARCH term is negatively relatethe volatility and is not significant. Also, DISE is negatively related
to the volatility of FBN but not significant. Thex@genous variable DUNIL is positively related te tolatility of FBN and
is very significant meaning it has affected FBNc&teeturn. We also estimate the GARCH(1,1) modaigithe Generalized
Error Distribution (GED) with fixed parameter. Tab! provides the result.
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Table 4: GARCH(1,1) model using the Generalized Eor Distribution (GED)
Dependent Variable: DFBN

Method: ML - ARCH (Marquardt) - Generalized errastdbution (GED)

Date: 02/26/14 Time: 09:20

Sample (adjusted): 1/04/2012 12/31/2012

Included observations: 259 after adjustments

Failure to improve Likelihood after 11 iterations

Variance backcast: ON

GARCH = C(5) + C(6)*RESID(-1)"2 + C(7)*GARCH(-1) €(8)*DNEST

+ C(9)*DUNIL

Coefficient Std. Error z-Statistic Prob.

@SQRT(GARCH) 0.376925 0.147414 2.556922 0.0106
C -0.080144 0.034651 -2.312889 0.0207
LAG1DFBN 0.030237  0.043405 0.696637 0.4860
DGTB 0.016091 0.004946 3.253485 0.0011

Variance Equation

C 0.056908 0.014841 3.834602 0.0001
RESID(-1)"2 0.567534 0.241664 2.348448 0.0189
GARCH(-1) -0.055911 0.074346 -0.752036 0.4520
DNEST -0.000647 0.000862 -0.749711 0.4534
DUNIL 0.027580 0.009838 2.803373 0.0051

GED PARAMETER 0.812895 0.108873 7.466431 0.0000

R-squared -0.001965 Mean dependent var 0.025676
Adjusted R-squared -0.038181 S.D. dependent var 77403
S.E. of regression 0.282649  Akaike info criterion .0685607
Sum squared resid 19.89278  Schwarz criterion 0.2D29
Log likelihood 1.503831 Durbin-Watson stat 2.036379

From Table 4, the coefficient of the standard désiaor volatility is positive and significant. Thendogenous variable
LAG1DFBN is positively related to the volatility @urrent FBN stock return but is not significants@, DGTB is positively
related to FBN stock return and is significantmitans that current price in GTB stock affects tmeant price in First Bank
stock return. The ARCH term is also found to benifigant here while the GARCH term is not signifita Also, the
exogenous variable DNEST is negatively relatechéovolatility of FBN stock return and is not sigoént while DUNIL is
positively related and significant.

The results of estimating the model using the tiis&ibutions clearly indicates that volatility FBN is largely influence by
its own shock (the ARCH term) and the exogenoumkte DUNIL.

4.3 Model Selection

A crucial question here is: Which of these disttidos best fit the model? A GARCH model will be rhappropriate when:

(i) there is no serial correlation

(i) the residuals are normally distributed and (iigréhis no ARCH effect.

When these conditions are met by any of the digidis listed in section 4.2, then the model iddgai be the best.

Alternatively, we can choose the best model byéontipg the value of the Akaike Information Criteri(AIC) and Schwarz

Criterion (SC) of the distributions. The distrilari with the highest value of AIC and SC is selecedhe best. Therefore,
the following assumptions or hypotheses must Hiéléal:
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(&) Null: There is no serial correlation in theidesls or error term

Alternative: There is serial correlation retresiduals
To carry out this test, correlogram square resgl(@l statistics) test can be performed using @t [2@ lags. The rule of the
thumb is to accept the null hypothesis if mosthaf p-values within the number of lags used are iae 5%, otherwise,
reject the null hypothesis
(b) Null: Residuals are normally distributed

Alternative: Residuals are not normally distted
Jacque-Bera statistics is used to conduct this Tést decision rule here is to accept the null tiypsis if the p-value of the
Jacque-Bera statistics is more than 5% otherwjsetrthe null hypothesis
(c) Null: There is no ARCH effect
Alternative: There is ARCH effect
ARCH test would be used to perform this. The dedisiule here is to accept the null hypothesis & favalue of the
Observed R squared is more than 5% otherwise réjeatull hypothesis. Here, all null hypothesesdesirable to achieve
‘best model’ status. The estimation of the modelarrthe three distributions is thus:
Under the Normal-Gaussian distribution, resulttheftests for ‘best model’ are given in Tables &nél Figure 2.
Table 5: Testing for serial correlation under the Ndormal-Gaussian Distribution

Date: 07/16/13 Time: 02:24
Sample: 1/04/2012 12/31/2012
Included observations: 259

Autocorrelation Partial Correlation AC PAC Q-StatProb

| | Jo ] 1 -0.010 -0.010 0.0242 0.877
| | Jo ] 2 0.030 0.030 0.2627 0.877
| | Jo 3 0.020 0.021 0.3702 0.946
| | Jo ] 4 -0.014 -0.014 0.4214 0.981
| | Jo ] 5 -0.046 -0.048 0.9961 0.963
o .| 6 -0.101 -0.102 3.7340 0.713
Joo ] Jo ] 7 0.025 0.026 3.8995 0.791
Joo ] Jo ] 8 -0.051 -0.042 4.5891 0.800
0 * 9 0.158 0.161 11.301 0.256
Joo ] | | 10 -0.018 -0.020 11.391 0.328
J J 11 0.220 0.214 24.612 0.010
Jo Jo 12 0.008 -0.011 24.628 0.017
Joo ] Jo ] 13 -0.028 -0.028 24.844 0.024
Joo ] Jo ] 14 0.008 -0.007 24.862 0.036
Jo Jo 15 -0.017 0.022 24.941 0.051
Joo ] Jo ] 16 -0.007 -0.002 24.954 0.071
Joo ] Jo ] 17 -0.028 0.033 25.173 0.091
Jo Jo 18 0.060 0.023 26.173 0.096
0 g 19 0.083 0.116 28.107 0.081
J J5 20 0.228 0.178 42.759 0.002

From Table 5, most of the p-values within the numbklags chosen are more than 5%. Therefore wepdhe null
hypothesis and conclude that there is no seriaktaiion. Next, we determine if the residuals avenmally distributed.
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Series: Standardized Residuals
50 Sample 1/04/2012 12/31/2012
1 Observations 259
404 Mean 0.031098
Median 0.019356
30| Maximum 3.515826
Minimum -3.598062
Std. Dev. 1.001425
20 Skewness ~ -0.211451
Kurtosis 4.604884
10
Jarque-Bera  29.72561
Probability 0.000000
o 71!!_!_!_!_'_!_!_!_!_'_!_!_!_!_'_!_!_!_!_'_!_!_!_!_'__!_!_!_!!r
-3.75 -250 -125 0.00 1.25 2.50 3.75

Figure 2: Normality Test

The p-value of the Jarque-Bera test is less tharmb&owe reject the null hypothesis and concludetti@residuals are not
normally distributed under the Normal-Gaussianritigtion. We now carry out the ARCH test.

Table 6: ARCH test using the Normal-Gaussian distbution.
ARCH Test:

F-statistic 0.023615 Prob. F(1,256) 0.877991
Obs*R-squared 0.023797  Prob. Chi-Square(1) 0.877403
Test Equation:

Dependent Variable: WGT_RESID"2

Method: Least Squares

Date: 07/16/13 Time: 03:56

Sample (adjusted): 1/05/2012 12/31/2012

Included observations: 258 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.

C 1.008741 0.133984 7.528834 0.0000
WGT_RESID"2(-1) -0.009607 0.062520 -0.153670 0.8780
R-squared 0.000092 Mean dependent var 0.999102
Adjusted R-squared -0.003814 S.D. dependent var 980%7
S.E. of regression 1.901713  Akaike info criterion 131109
Sum squared resid 925.8275  Schwarz criterion 43586
Log likelihood -530.9131 F-statistic 0.023615
Durbin-Watson stat 1.998069 Prob(F-statistic) ogn7

The observed value of the p-value is 0.87740 widchreater than 5%. Hence, we do not reject thé hygdothesis and

conclude that there is no ARCH effect.

The tests using the Normal-Gaussian distributiamnshthat the residuals are not serially correlated there are no ARCH
effects which is an indication that the model i®doHowever, the residuals are not normally disted. We repeat same
tests but using the Student’s t with fixed degaeseedom distribution and the results are giveiables 7, 8 and Figure 3.
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Table 7:Testing for Serial Correlation
Date: 07/16/13 Time: 05:53
Sample: 1/04/2012 12/31/2012
Included observations: 259

Autocorrelation Partial Correlation AC PAC Q-StatProb

| -0.033 -0.033 0.2850 0.593
| 0.013 0.012 0.3293 0.848
| 0.020 0.021 0.4384 0.932
| -0.013 -0.012 0.4842 0.975
| -0.048 -0.050 1.1059 0.954
| 6 -0.096 -0.099 3.5484 0.738
| 7 0.038 0.033 3.9347 0.787
| 8 -0.052 -0.045 4.6506 0.794
. | 9 0.148 0.149 10.590 0.305
| Jo 10 -0.018 -0.016 10.682 0.383
|
|
|
|
|
|
|
|
|

a b~ WNPRP

o e 11 0.229 0.228 24.991 0.009
12 0.019 0.015 25.086 0.014
13 -0.027 -0.016 25.289 0.021
14 0.019 0.004 25.384 0.031
15 -0.017 0.019 25.460 0.044
16 -0.007 -0.002 25.474 0.062
17 -0.030 0.030 25.722 0.080
18 0.051 0.015 26.456 0.090
. 19 0.080 0.115 28.264 0.078
I o 20 0.207 0.169 40.425 0.004

Majority of the p-values here are more than 5% rmepthat the residuals are not serially correlaié®. now test for the
normality of the residuals.

50

Series: Standardized Residuals
Sample 1/04/2012 12/31/2012

40 Observations 259

Mean 0.015667
30 Median 0.010985
Maximum 3.638492
Minimum -3.875390
204 Std. Dev. 1.043038
Skewness -0.277580
Kurtosis 4.747457

104

Jarque-Bera 36.27950
Probability 0.000000

(o

-3.75 -2.50 -1.25 0.00 1.25 2.50 3.75

Figure 3: Normality of the residuals
The p-value of the Jacque-Bera statistics tesess than 5% and the conclusion is that the residaid not normally
distributed. The ARCH test is also conducted.
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Table 8: Arch test using the Student’s t with fixeddegrees of freedom

ARCH Test:
F-statistic 0.278959  Prob. F(1,256) 0.597842
Obs*R-squared 0.280833  Prob. Chi-Square(1) 0.596156

Test Equation:

Dependent Variable: WGT_RESID"2
Method: Least Squares

Date: 07/16/13 Time: 06:20

Sample (adjusted): 1/05/2012 12/31/2012
Included observations: 258 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.

C 1.118765 0.147597 7.579851 0.0000
WGT_RESID"2(-1) -0.033004 0.062488 -0.528166 0.5978
R-squared 0.001088 Mean dependent var 1.082871
Adjusted R-squared -0.002813 S.D. dependent var 01845
S.E. of regression 2.104500 Akaike info criterion .338754
Sum squared resid 1133.803 Schwarz criterion 43612
Log likelihood -557.0543 F-statistic 0.278959
Durbin-Watson stat 1.997748  Prob(F-statistic) 01379274

For this test, the p-value of the observed R sghare is 0.596156. We do not reject the null hypsiy meaning that there
is no ARCH effect.

Like the case of the Normal Gaussian distributtbe, residuals of the GARCH (1,1) model under thed&nt's t with fixed
degrees of freedom distribution are not seriallyreated and there are no ARCH effects which isrdbke for the model.
But, the residuals are not normally distributed.aihg we estimate the model using the GeneralizedrHDistribution
(GED). The results are given in Tables 9, 10 arnuifei 4.
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Table 9 Testing for serial correlation
Date: 07/16/13 Time: 06:40
Sample: 1/04/2012 12/31/2012
Included observations: 259

Autocorrelation Partial Correlation AC PAC Q-StatProb

-0.027 -0.027 0.1967 0.657
0.023 0.022 0.3325 0.847
0.019 0.020 0.4256 0.935
-0.014 -0.013 0.4765 0.976
-0.046 -0.048 1.0387 0.959
6 -0.096 -0.099 3.5202 0.741
7 0.033 0.030 3.8090 0.801
8 -0.053 -0.046 4.5678 0.803
9 0.155 0.156 11.056 0.272
10 -0.018 -0.016 11.149 0.346
11 0.226 0.222 25.046 0.009
12 0.014 0.006 25.097 0.014
13 -0.027 -0.022 25.301 0.021
14 0.016 0.002 25.373 0.031
15 -0.016 0.022 25.440 0.044
16 -0.007 -0.003 25.454 0.062
17 -0.029 0.031 25.686 0.080
18 0.058 0.021 26.616 0.086
. 19 0.079 0.114 28.365 0.077
I o 20 0.216 0.173 41.564 0.003

a b~ WNPRP

*k | . |**

As with the previous two distributions, the residuare found not to be serially correlated becanagority of its p-values
are more than 5%. The Normality test of this maslelow presented.

50

Series: Standardized Residuals
Sample 1/04/2012 12/31/2012

40 4 Observations 259

Mean 0.018935
30 ] Median 0.009815
Maximum 3.607359
Minimum -3.809961
20 Std. Dev. 1.036657
Skewness -0.250487
Kurtosis 4.686373

10

Jarque-Bera 33.39836
Probability 0.000000

o

-3.75 -2.50 -1.25 0.00 1.25 2.50 3.75

Figure 4: Normality Test

Under the GED, the p-value of the Jacque-Beras§itdiis less than 5%. Like the previous distrimsi the residuals of this
model are not normally distributed. The

ARCH test is conducted.
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Table 10: Arch test using the Generalized Error Digibution

ARCH Test:
F-statistic 0.192515 Prob. F(1,256) 0.661201
Obs*R-squared 0.193874  Prob. Chi-Square(1) 0.659712

Test Equation:

Dependent Variable: WGT_RESID"2
Method: Least Squares

Date: 07/16/13 Time: 07:07

Sample (adjusted): 1/05/2012 12/31/2012
Included observations: 258 after adjustments

Variable Coefficient Std. Error t-Statistic Prob.

C 1.099330 0.144863 7.588760 0.0000
WGT_RESID"2(-1) -0.027422 0.062499 -0.438766 0.6612
R-squared 0.000751 Mean dependent var 1.069867
Adjusted R-squared -0.003152 S.D. dependent var 583
S.E. of regression 2.061766  Akaike info criterion 292725
Sum squared resid 1088.225  Schwarz criterion 48202
Log likelihood -551.7615 F-statistic 0.192515
Durbin-Watson stat 1.997392  Prob(F-statistic) 0ZA1

From the ARCH test, the p-value of the observedjiased is 0.659712. The null hypothesis cannotefected and hence
there are no ARCH effects.

Results from estimating the model using the thistidutions given in section 4.2 clearly indicathat the weakness of the
model is the non-normality of the residuals. Howeweany researchers have suggested that non-ntymadiy not be a

serious problem as estimators are still consisfEme. implication of this therefore is that estimgtithe model using any of
the distributions listed in section 4.2 would bem@priate. Alternatively, estimating the model @sthe Normal Gaussian
distribution could be considered to be the “besfhg the AIC and the SC since it has the highestevior both AIC and SC

(see Tables 2,3 and 4).

5.0 Conclusion

In this paper, estimation of volatility in finantiassets using ARCH and GARCH models have beerepted. The study
utilizes the daily stock prices from Januafy & December 312012 of FBN, GTB, UNIL and NEST. Results from the
study shows that the ARCH term, which is the witfaotor in FBN (management of the bank, numberoabant holders,
tangible and intangible assets and liabilitieshaf bank, level of information and technology ametiger factors) and the
exogenous variable DUNIL are major factors affegtihe volatility in the return of FBN stock for thmeriod under
consideration.
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