CHAPTER 3

RESEARCH METHODOLOGY
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3.1 Introduction

The main objective of this study is to find the effe dit rlsk management
on the financial performance of commercial banks d in eWian Stock

Exchange. The purpose of this analysis is based on thésprevious researcith tfi &d the
effect of better or poor credit risk management to o%rmanc of mnferé-a banks
(Serwadda, 2018; Ekinci & Poyraz, 2019; Isan ). (f:

this chapter will explain the sample, variabé}?:dﬂo\d m@sed to lead

to the findings.

) A
3.2  Variables ‘s) n>23 0}&

In this study, the depeMvaT i stockhrlce of the commercial banks
In

. : N .
listed on the Malaysian Etomﬁng cantras r%dependent variables are the net

charge off ratio (NCR), 0SS reserve B)’Q? -performing loan (NPL) ratio and

loan loss provision rati (LLP)l \510 k pér%&khibits the performance of the banks

(Hauptmann, 201‘% et N@”ﬁalk- uirés et al., 2019), while the four ratios

capture the b%}edit ri:?ﬁplem easurement (Joshua et al., 2020; Ephias
i , 2 I

0; Taofe a Aé_labi et al., 2020). In addition, control variables

variationfo ck price or market volatility and banks size. The control

variables are banks' total asset ) and Chicago Board Options Exchange (CBOE)

volatility hdex, also known as\?‘ X. The variables are summarised in Table 3.1
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3.2.1 Dependent Variable

As mentioned previously, the dependent variable of this study is the bank's,stock
price. The stock price is used as a parameter to measure the listed banks' f\hnance
(AlZou'bi et al., 2021; Koster & Pelster, 2017; Smriti & Das, 2018). 2% ections
process via annual reports and Fitch Connect has revealed ten commercial banks with
complete data availability. The data is the quarterly stock price for nine'years from 2012
until 2020. The banks are CIMB Group Holdings Berhad, AIWBank Malaysia
Berhad, Affin Bank Berhad, BIMB Holdings Berhad, Ho mank Berhad, Hong
Leong Financial Group Berhad, Malayan Banking Be@c arlk Bethad, RHB
Bank Berhad and AMMB Holdings Berhad. &
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3.2.2 Independent Variables
p Y" \ @S~
The first independent variable is ttwarge i0. A netscharge-off ratio
C

(NCR) is the dollar amount represent% ference een
any subsequent recoveries of a delipguent debt 03, 20180 Net charge-offs refer
to the debt owed to a company thatis Iiksly‘ge oV y that company. This
“bad debt" is often written off and,Classified as gfoss clﬁ-oﬁs. In conclusion, Net
charge-off is the final amou x C nno@éct from its debtors. Previous
researchers identified NCR asione of the ba 's[cr,@. isk exposures (Munangi, 2020;
Sornalatha & Aishwariya, 20;{ ] Of?)ﬁd—lence, observing the NCR might

contribute to prop M risk lnan ment. J@sther words, a low NPL ratio indicates
better credit risw ment: sear iﬁélin its finding, stated that the net charge-
nt

off includes t)“ay gfos aﬂg ch%Eged off in terms of bad debt expense less the
recoveries%o a siyh ge- elonging to the previous period. Therefore, a
redl@t charge- shdws improving conditions of a bank's loan quality.
N
thermore, the relatmhip between net charge-off and net income before

de\['Mg/netting off loan loss provision shows that a lower ratio serves the bank's
purpose well (Akram & Rahman, 2018). Global Portfolio Credit Risk Management,
ated by Siarka, P. (2021), addressed the credit risk for multi-product, where

worldwide loan portfolios are acknowledged in this work. In the findings, Charge-offs

harge-offs and

D

and outstanding values were used for charge-off rate time series creation. The charge-
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off balance is the value of loans removed from the books and charged against loss
reserves. Quarterly charge-off rates were calculated as a ratio of charge-offs and average
portfolio outstanding for a given quarter. Hence, the charge-off rate is a riﬂ ure
similar in its nature to the default rate. However, it needs to be underlined t
default event is automatically treated as a charge-off. Ultimately, both m&e strongly
correlated and reflect the actual risk of the portfolio. This research ed that the

t'every

lower NCR s better for the bank and impacts better credit risk agement.

The second independent variable is the loan loss r erwm (LLR). LLR is a
load losses (Ozili &

oillu trWserve that
the company has in percentage terms to cover the estimated losses that e;i w:)tf'l)&ave
suffered due to defaulted loans. Due to its Iinkag#&aulted oans, the ob%ervation
on LLR is one of the bank's credit risk manag par ée durc et al., 2019;
Oketchet al., 2018; Onang'o, 2017). A Low@:l icate nk has a low

reserve in covering future estimated I%%o the loan$¢ Hence, low LLR

may signify higher credit risk exposure. 017)™Evaluation of Credit
Management and Its Effects on B nCFy' it @is paper. The purpose
of this comparative study of Fi% PL

k

ity @( PLC is to look into the
credit management process inN a the i.n'}%dct of non-performing loans

N
on the profitability of Ni eRﬂnks. he f . g$al that loan loss reserves have
a detrimental influence ngs. 6.5 are Ij, the“farger the credit risk, the higher the

profit. \ l \ %(_/
In anoth%t&;, Al- i Mat&'!/%{ Alghzwai (2017) analysing the effect of
credit and qu@? ks on the ji'tabiﬁty of conventional banks. In this research, the
0

balance sheet account representing a bank’s best estimate o
Outa, 2017). LLR is described as the ratio used in the

LLR is a !% r any expected lqa-fosses, which is the lower LLR, represent the
better W : LLF; gServ any predicted losses from loans. The lower this
rati ests that the quality @é loan portfolio is very high and the less problematic

t Ms and vice versa. On the other hand, higher LLR leads to higher credit risk,
i
d

O ndicates poor quality of loans that increase the provisioning costs for banks and

a loan in which the borrower defaulted and hasn't made any principal or interest

reduce bank returns (Alta'ani & Dali, 2020).

The third independent variable is the non-performing loan ratio (NPL). NPL is
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payments for some time (Koeppl & MacGee, 2017). In banking, commercial loans are
considered non-performing if the borrower is 90 days or three months past dug, NPL
ratio is regarded as one of the credit risk measurements since the banks are m
losses due to defaulted consumers (Dahal & Bhaskar, 2020; Lian, 2 Xq &
Siddiqui, 2018). A low NPL ratio may imply that the banks hac&pper loan
management hence reducing credit risk exposure. Akram & Rahma 8) findings
also show that conventional banks should establish healthy doan pertfolios while

lowering NPL and impaired loan reserves.

Furthermore, Annor & Obeng (2017) underlined
charge on a bank’s revenue statement. As a result, it s

forning loans are a

the ra |o Ited loans

to loans that are truly performing. According to other irical inyestig |o S, sed
to determine whether or not banks have effectiv it risk m wagjn;fte

this instance, the restructured debts may b ider loans.
Alternatively, banks might simply lend more,mo yt ro veraII S and reduce
the NPL ratio. This makes sense beca e L rat Ived d|V|d|ng the total

loans by the amount of non- performmg I (Rag ; ad r an, Anggriono &
Setiadi, 2018). As a result, a rise th sup C Qed by a decrease in the

NPL ratio. Thus, indirectly |t hat tﬂe lo I<§:ﬁect to better credit risk
management.

The fourth independe varlabll Ipa provision ratio (LLP). LLP is
an income statement e%tha iséd ow for uncollected loans and loan
payments (Dahal Nkar 2{02 nks quwed to account for potential loan
defaults and co &sure rese an accurate assessment of their overall
financial heal S‘xlou rése grs a&o)ldentlfled that LLP is a crucial variable to

count for credlt risk £xposu errari et al., 2021; Biilbil et al., 2019; Peri¢ et
al., 20 to thﬁ‘t gf observation of the LLP ratio induced better credit risk
marﬁg&nt Banks who are\p@étlsmg optimal LLP may avoid higher credit risk
e Me during unforeseen circumstances. The impact of credit risk management on
fitability of selected commercial banks listed on the Ghana stock exchange
Qated by Annor & Obeng (2017) resulted in that loan loss provision ratio, LLP
presents the amount of loans advance with respect to a total asset of the bank. Every

bank takes a percentage of its deposits or liquid assets and uses them to grant or advance
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loans to clients. Therefore, it becomes imprudent and highly risky for a bank to advance
loans equivalent to its total asset because any default or delay would be able tQ wreck
the profitability and, by extension, the existence of the bank. Other’s study, &T(
(2018). Bank loan loss provisions, investor protection and them Q\omy.
International Journal of Emerging Markets. Larger banks in finan(&jeveloped
African countries have fewer loan loss provisions, while the increasesinsbanklending
leads to fewer bank provisions in countries with strong inves pX:on. Finally,
higher bank lending is associated with higher bank provisi ng an economic
boom. The notion of each variable to the better credit ent'practlce can be

summarised as in Table 3.2.

There are another two independent variables, that are} used¥as thec:gx. ntrol

variables. The first control variable is a total as A). TA refers the | assets
owned by a bank (Sofyan, M., 2019). TA is us dek g records
and appears in the balance sheet of the busi I dd| Is oft d to indicate
a bank size (Schildbach, Schneider, & nwHen is %ﬁy TA will be used
to capture the variation of the bank’s sk A
Another control variable fi tuw e h| g@;&oard Options Exchange

(CBOE) Volatility Index, als n as . CBOE | essentlal index in trading
and investment act|V|t|es t q e mark k and investors' sentiments
(Gurdgiev & O'Loughlif, 2020). In Jtlon BO@ financial benchmark designed
to capture the expected market vol |I&f QQ,ZO) Previous researchers have used
this index as a con able tb conttol mar olatllltles that would variate the stock
price performa ( ' @2019)

%
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Table 3.1: Variables and the Formula

VARIABLE FORMULA REFEZE&E
Dependent Variable: s
Wmann,

w 17), Zhou et

Bank's (2021),

Performance Quarterly stock price

iralles-Quiros

? el al. (2019)
Independent variables: : '\do &

.S

and

(2018),Balasubr

Net loans charge of f — subsequen
Charge-off Average loan gutsta a WEt al.
Ratio (NCR) 9,

aughwout, et
(Oal. (2019)

Ozili, & Outa,
Loan (2017), Krager,,
Loss Reserve Rosch, &
Ratio (LLR) Scheule (2018),
Salo (2021)
Koeppl &
Non- MacGee
. (2017),
performing Acharya
Loan Ra(of) (2017)
(NPL) % Sichinga
% (2020),
A Dahal &
\) N Bhaskar (2020),
an loan loss provision Karlsson &
ovision non — performing loan ?ztgirg)qwst,
LLP)
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Control variables:

Sofya OC),
Total non — current assets + current assets Atsa% 8)’
Asset (TA) Sen*pt &

(2017)
Chicago Edgiev &
Board Loughlin
Options midpoint of realtime S&P 500 Index (SPX) OptionT(ZOZO), Malkiel

Exchange /ask quotes et al. (2018),
Volatility Slaini( 19).
Index .\f
(CBOE) I

:'\Y.
Q" : —
’ X

Table 3.2: Variables (hot redi anagement.
?—) A

S
NQ)TI a T (‘)BETTER CREDIT
DEPENDENTVARIA@ MEI\@ R

I NN
Net Charge-off Ratig (N The.@)r, the better
v/

éﬁmal or high
&
Non-perfor@an %}’ ("(J The lower, the better
&

Loan Koss visign " 4\ Optimal or high
‘igfil c§¥'
e



3.3  Sample

This study focuses on commercial banks that are listed in the MaldysianStock
Exchange. The focus is on Malaysia since no previous research has % banks'
possibility of credit risk management practice to influence their perfo ce. This study
also focuses only on commercial banks since credit creation is the m activity of

banks' sustainability. With that fact, better credit risk m

commercial banks. Due to that, credit risk management is an important element to the
eREent may improve the

listed banks' performance. As mentioned previously, c rlial banks listed
were chosen as the study sample which are: CIMB Group®oldi M,A ilance

Bank Malaysia Berhad, Affin Bank Berhad, BIMB H s Berhad, H g’L \Bank
Berhad, Hong Leong Financial Group Berhad, Ma Banyin Berhad, qulic Bank
Berhad, RHB Bank Berhad and AMMB HoldirWha \ Y\.’

3.4  Methodology O

Since this study has ten bar%ith one \ngn aﬁ%ble, four independent
variables and two control varia%c i ata analysis to produce
the result. Beforehand, this stuﬁy% go thro &sés: descriptive analysis and
inferential analysis, to iden ch \t
study use Statistics an ATA

analysis. g
NG
(')

3.4.1 Descripti na si§ |
'

Fir criptive analysis 's&ded to analyse the data characteristics of the
banks. w analy!'i ) ‘atzg_ | parameters can be identified, such as the mean,

Y

ity and characteristics. This

nalysis s'oﬂ\a're to generate the results for each

medjan, Sminimum, maximum, standard deviation values of each bank can be

c m@d. Descriptive analyshs essential to relate the findings of this study with the
%{pecific attributes. Secondly, this model will test for high correlation independent
:

G bles and multicollinearity problem. For correlation problem, this study uses
earson R statistical test. This test measures the strength between the different variables
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and their relationship. The Pearson correlation value is between -1 to 1 with O indicates
no correlation, 1 is total positive correlation and -1 is total negative correlation, If the
value of the Pearson coefficient is 0.5 and above, the variables are consider. &ave
moderate to high correlation. The hypothesis statement for Pearson cor:ﬂf’s

is as

follows:
Ho = There is no correlation between the independent variables ?
H1 = There is correlation between the independent variablei \,

Thus, if the Pearson test shows p-value less than tl'e variables are

significantly correlated. The magnitude and strength correlat ds on the

coefficient of the Pearson test.
The high correlation variables may cause collme?rl em Q..a model

ty prabl
This is because the independent variables shoul erw \-‘the change
the G‘Ter I epen arlable also.

Hence, the model become less fit to st atio of independent
variable with the dependent varia mac \ d‘i_mcult to estimate the
dependent variables if the indepe |a I in unison. Therefore, in
order to test the possible mult% rity roble |s y uses variance inflation
factors (VIF) test. In this tes t, thesexist Itlc earity can be detected in the
model if the VIF is gmore han wYIF re than 10 indicates serious
multicollinearity probl%F mor Jnay needs further investigation on the
variables. These st e crumla I rto aéé’future problems to the model.

7.8

3.4.2 Panel |o M‘od l (—)
ne M} , t \research uses the panel regression method to
a

analys t a. Pane re'gresﬂm has multiple entities, each of which has repeated
me nts at different pern&a Panel data may have individual (group) effects, time
e . r both, which are analysed by fixed effect or random effect models

gati,2011). The benefit of the panel data regression method is that this method
OWS more variability and permits the analysis to explore more issues than cross-

sectional or time-series data alone (Kennedy,2008).



This analysis process is expected to produce five models to answers objective 1
to objective 5. Model 1 is used to study the impact of credit risk management variables:
NCR, LRR, NPL and LLP with two control variables: TA, CBOE on a?;s
performance: stock price. On the other hand, models 2, 3, 4 and 5 are useo%%
second objective of this study: to find the effect of individual credit ri nagement

variable in Malaysia's listed commercial banks' performance. Y.

The models are listed as follow: .i '
Model 1 \d
L 2

SPit= fo + BiNCRi: + B2LLR: + B3NPL;; +@ + BSJG"B_({E’}-I_
Hit
b 4 \,Y"

Where; AN
O K
# S
SP;: = stock price of the bank i.atti 9 (3-
N AN
NCR;: = net charge ratio of?mk i a’ thetimdt
LLR;: = loan loss res@

NPL;:= non-performing loa

¢ : C.)
LLPi:=lo ssprovision ratio fthe@ankiatthetimet
? >

TAi = wn of the bank |"at Q/Rﬁme t
(..)

™~
% CBOE of the bank i at the time t
0 1, B2, B3, B, Bs, B = coefficient of the regression

;. =the error terms of bank i at the time t

y the




Model 2

SPi:= Bo + BINCRi + B2TAi + BsCBOEi + it T

Where; Y.
SP;; = stock price of the bank i at time t l\d
| 2

Bo B1, B2, B3 = coefficient of the regression \Y-
1.5
4 \’Y'

NCR:: = net charge ratio of the bank i at the timY.

\ NG
T A = total loan of the bank i at the time (V Q 3
O

CBOE: = CBOE of the bank i at thet’b :\T
;. =the error terms of bank i at%t o 7 q &

N
Model 3 %Y. :ul §
&
SPi= Po + PALLR: B T'/lit-l-\aCBO(E‘%r Mit
C} .? ’l (_)O (3.3)
N [ &
Where,% :D-)" ¥

S% = stock price of the bank i at time t

B1, B2, B3 = coefficient of the regression

LLR;: = loan loss reserve of the bank i at the time t
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T A;: = total loan of the bank i at the time t

CBOE;:= CBOE of the bank i at the time t

;. =the error terms of bank i at the time t s )

Model 4

SPit= o+ f1NPLit + B2TAit + B3CBOEi: + Uit z l

\do Y(-3'4)

Where; Y. \
S‘C
SPi = stock price of the bank i at time t CV 0\

Bo, B1, B2, B3 = coefficient of the re Q \Y
NPL;:= non-performing loan o%kiapthe titnesdt (Q

- : NS
TA;: = total loan of the bank time t
X1 7S
CBOE= CBOE of the bankA{ at th@ ¢ Co
l -
;. =the error terms of'Bank i et &
YIS
C—) )
Q- v
S
Model ’D')f

S
SPQ B1LLP:: + B2TAit *B3CBOE: + par

N

Where;

(3.5)



SP;: = stock price of the bank i at time t

By B1, B2. B3 = coefficient of the regression \Yv

LLP;= loan loss provision of the bank i at the time t i‘)

T A;:= total loan of the bank i at the time t Y*

CBOE::= CBOE of the bank i at the time t Yy

1. =the error terms of bank i at the time t .'\d
® \Y‘
A

3.4.3 Panel Data Model Analysis 5 b 4 J b &

w

In panel data analysis, three models%; posiib tche%vx: the dataset.
The models are pooled OLS regressi (ﬁj random e mod’Q and fixed-effect
OM

model. The pooled OLS regression m

as a_cons oeff@nt referring to the
intercept and slopes of the model &)o Zoﬁa\i«iv JQL_\this model is used to
analyse panel data, all individu%sectfénal ts V\Q@be ignored. Compared to
the pooled OLS model, fixed?ﬁ% odel is del that"considers the "individual' of
each cross-sectional unit. IYWS the}nter pt of e%} bank to vary but still assume
that the slope coeffici% onstant’ across mﬁQBaltagi, 2005). Furthermore, the
random effect modehis a mode \t'ml\ inte (e_IBT’among individuals differently from
the fixed-effects @nstm@aﬁng @cept as fixed, random effect approach
assumes the meanwalue fqblyyrcbptcf)h} process contends that the banks included
as sample rtaamm n a{Je the intercept, and the individual differences in
the inte% lues of ?ay};ank @eflected in the error term (Gujarati & Porter,
201&3 neral regression ecs%‘,&'tion of each model is as below:

\@oled OLS Regressioh/lodel

0& Pooled OLS regression model neglects the cross section and time series nature of

a. This model does not distinguish between the various banks data, instead, combines

the ten banks by pooling. Hence, this model denies the heterogeneity or individuality

36



that may exist among banks. The general regression estimation for the pooled OLS

model is similar as in Equation 3.1 which is Y’

Yie=ao+ a1X;t +eir

Where:

Y = dependent i variable t

ao = common intercept. : '
a1 = the slope coefficient '\do X

N
D [ F18
Xi: = the dependent variable i at time t 2 .\)‘T
the error terms i at time t Vz 1 \ S‘
eit=
(y «

The pooled model specifies constant coefficien i the Qal assumption for

QNS
cross-sectional analysis. % o>7 Qi:)\

S
2. Fixed Effect ey. '

'S

As compare% ole ‘Q& odg:@#e fixed effect model allows for
heterogeneity or & li he bagz? Each bank will have its own intercept

value. The termfixed e ec} I fot @t that although the intercept may differ
across ban tercept do ry”over time, that is it is time invariant. The

thetfixed-effect model has additional cross-sectional

~—+

general reg n esP' tion fi

effect S%N g \3’
\ S
Yit = Z Ditaol' + alXL-t + (2
S

3.7)



Where;

Y = panel independent variable

a1 = the slope coefficient

Xi: = the dependent variable i at time t : '
u; = the error terms .\d' X~

N
eir = the error terms i at time t 2
\,‘2‘

Y, "\\ QY
Gujarati and Porter (2007) hwaj that the scr@on the intercept
y be

suggests that the intercepts of theC'ndividuaI \rrk\ /‘\éi.fferent. They further
elaborate that the differences c% e te, the unigue fe s of each bank, such as
e

Y.  Duao= intercept bank i at time t s )

=

. - . “ .
managerial style, policies, tegiessHowever, ugh the intercept across

individual firms may differ dlvr I's intercept~does not vary over time (time-
l

invariant), which signifies - Jl 0
: s s 2
ol %éo
o

elfthé?ﬂ banks have a common mean value for the

3. Rando@s M
’
In the%m efct m

intercept era}r ression esti

4
{5 ao+ arXie +vi + el\t‘)w?.

0 here;

Yi: = dependent i variable t

ion for the random effect model is:

O

(3.8)



ao = common intercept.

a1 = the slope coefficient

v; = random error term of bank i

Xic = the dependent variable i at time t 5 )

ei= the error terms i at time t T

Previously, the fixed-effects model has its o intercept ag; value. In
contrast, for the random effects model, the intercept ao représents h:’\meada

the (cross-sectional) intercepts, and the error com v; repres the ‘@ om)

deviation of individual intercept from this mean val X
\f

\

3.4.3.1 Panel Data Model Test <§

In order to test the most suitable model t ? taset few tests need
to be done. Firstly, to choose betw Ie Sm e Wnttghe random effect model,
this study runs a test to iden eX|ste of e in ual characteristics on the

cross-sectional entities. He pothesis te |ng| oIIows

|
Ho = Pooled OLS r% etter gpmﬁct model
\t Qv
Hi= Random odelis bétterthan pé’!d OLS model

The sth t r Fjag r(DVI test to verify whether the pooled OLS

model or r effect mo U|table model for the panel dataset. If the p-
value i n SO/?t en we an,@e t the null hypothesis, Ho. This means random
effect o better than th f|>ge\,ﬁz' effect model. Next, this study needs to test whether
th ffect model is moréecﬁ!table than the random effect model or the other way
ag In order to do that, this study uses the Hausman test to obtain the most

0 opriate model among the two (Rahim, Hassan, & Zakaria, 2012). Hausman test

eals the hypothesis testing as follows:

Ho = No correlation between the independent variable and error term.
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H1 = There is correlation between independent variable and error term.

In here, if the p-value is less than 5%, then we can reject the null hypothTo
a

which means the fixed effect model is appropriate. After the most suitab M S
identified, then, the significance of each credit risk management variabato ct the

bank's performance will be tested. The hypothesis statements for the significance test

are as follows ? ”
Hypothesis 1: V

Ho: There is no significant effect between NCR and ba eCOr nce.

H1: There is significant effect between NCR and ban rfo N "

S | J1S
&

5

ce.

Hypothesis 2:
Ho: There is no significant effect bet
H1: There is significant effect betvvee&

Hypothesis 3: \% ¥
Ho: There is no sign':ficawﬂct be’wee P

H1: There is significant gffect et
HYDOthes® ¢ :' &3
Ho: T, &Ho si?n icant effectbetween LLR and bank's performance.
e
he

Hi:
NS o
%4.4 Diagnostic Check and Inferential Analysis
A diagnostic check is used to ensure that the estimated model is not biased (Hair

et al.2007). Specific tests need to be done during the checking process, such as

is significant ef‘fe(‘r@;ween LLR and bank's performance.
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multicollinearity test, autocorrelation test, and heteroskedasticity test. The results of the
tests are critical to ensure that the coefficient of the model is consistent and efficient.
The inferential analysis will use the R2result to determine the percentage ofth&) tion

in the dependent variable caused by the independent variable. Larger R2 iE i etter

model regression fit (Morck, Yeung, and Yu, 2000). The formula for follows:

RSS
R2=1-—
TSS \,

Where: T
e RZ = coefficient of determination. i{d
™

e RSS =sum of squares of residuals % J , _\C}
4
&

e TSS = total sum of squares
The next test is the F-test, w, Mti ie% igni ichtQ)IIective impact of
the independent variables on the t vatiable: a@will indicate the fitness
. 4 .
of the data in the model (Park,2020)*The formula for+ te@tlstlcs as follows:

F e?\wd Tna

k—1
n —

as between-group variability.

xplained variance af@ known as within-group variability.

§ RSS = sum of squares of residuals

e n =total number of values

e k =independent variables
41



The hypothesis statement for F-test is:

Ho = Independent variables are jointly statistically insignificant to bank’s stoeKprice
H1 = Independent variables are jointly statistically significant to bank’@rice

If the F-test result produces less than a 5% significance level, t can reject
the null hypothesis, Ho. This means the variables are jointly significa ank’s stock
price. Hence, the linear regression model better fits the data than@smodel containing no

independent variables. T

The other diagnostic tests are the multicoll

t to test the

rity fis Mg or more

variables can be highly linearly related (Gujar Porter, 2 O). I-@Ee., a
multicollinearity test observes the existence of rfect Ii‘pe re tions@%among
dete

multicollinearity problem among the variables. Multico

regression variables. Serious multicollinearity ems“ean c{fidv'using the
centred Variance Inflation Factor (VIF). A one%‘wean 0 pro@hd correlation
among the variables, while a VIF4ua xceedin is sign of severe
multicollinearity, and the models reﬂ;: ec |o-n{h? Iys_'ﬁlé:ssential to uphold
the idea that each independent vari ay uru;»’ influ néét-he dependent variable.
In other words, each variable is ly cﬁrelat to identify the dependant variable.
By doing this analysis, the suhﬂty les tobe included in the model can

N
be first determined. ? ' %
) u&

This study al auqu ioﬂ‘ (13@ as the model’s diagnostic test.
Autocorrelation isdefineg as acondition Wr@esiduals are related to each other, and
it can be confir from the |I|ity @hi-Square of Obs*R-squared statistic. The
purpose ofthe&?orrel tio‘nt i to 'rcl\'/'éstigate whether there is serial independence

for the eri% It Jc_le Uryes h@welation between two different time series data

or spa oss-sectiohal data (?euarati & Porter, 2010). Autocorrelation problems
can&gnosed using the Dt@ﬁ-Watson test and Wooldridge test. The hypothesis

té; r the autocorrelation test is as follows:
0 o = There model has no autocorrelation.
H1 = The model has autocorrelation
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The null hypothesis that the model has no autocorrelation will be reject(Y&e
p-value is less than 5%. Otherwise, if the p-value is higher than 5% thencthg n

autocorrelation problem in the model. :

The third test is heteroskedasticity test. Heteroskedasticity is to situations

0]

where the variance of the residuals is unequal over a range of measureg, values. When
running a regression analysis, heteroskedasticity results in an unequal scatter of the
Ai

residuals (also known as the error term) (Bollerslev, 20 eteroskedasticity test

will identify whether the variance of the regression er pends n'the value of the

independent variables. The detection of heteroskedasticitygproblems i important

assumption for a statistical test because they ar(%e to dissimilari m@\even

variances in samples result in biased and skewed testfesults. I this study, tWald test
is used to detect the heteroskedasticity pro%.'T M esis tsz\ﬂﬁg for the

heteroskedasticity test is as follows: c\) °\ é\
Ho = The model is homoscedastic \
N

H1 = The model is heterosked b
— 2
In here, the null hypo& o wil re cted&the p-value is less than 5%.
The rejection indicates tha del (Lu%%oﬁdasticity problem. In addition,
this study also uses Pe§ar. W% ) test to ch@t the cross-sectional dependency
of the models. The hypothesis st n rP{éﬁn’s CD is as follows:

Ho=The moébé no cress-segtional @dence

\ “1 O
Hi=The cﬂ as ¢rods-s ighal ndence
@
If thesre shoy -valile ss,@i 5%, then the null hypothesis can be rejected.
isi ic&

he datase as{ro%siﬁctional dependency. According to Pesaran (2004),

(¢

oss-sectional depeﬁd‘éﬁce in estimation can have serious consequences such
as al dependence which can resulted to estimator inefficiency and invalid test
istics.

0 Diagnostics tests elaborate few conditions to ensure the obtained model does not

experience any problem such as dependency, multicollinearity, serial correlation and
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heteroskedasticity problems that may disrupt the efficiency of the result. If so, the model
needs to be altered in order. In order to overcome these problems, this study will use
Feasible Generalized Least Square (FGLS) method. This method suits we% the

i data.

idues, then

panel dataset of this study since the time series is larger than the cross-
FGLS is a 2 stages method that first run the OLS and take square of tb&*

the next stage will rewrite square of residuals as a product of sTvariance of
dependent variable with the exponential function of the independent Variables. After
that, the model will take logarithm to turn it into linear m e equation is as

follows: '

Stepliy=a+XB+e€ ‘\d
Y

| &
Step 2: Inln (€?) =lnln (a®) +y + X6 Y
s ,\,‘Z"

1

Step3:y = a + XB + o(elr+x5})2 J~°\
N A
RS

3.45 Flow Chart of the Metho % >y Q
o 2
For a better understal f the hod ogyﬁéﬁummary of the methods'
elo N

flow is illustrated as in Fig ;
c,;%\j bj.@}
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Step 1: Data Collection

4

Step 2: Descriptive Analysis

Variables selection

Scope selection

Q) ¢

Data characteristics Correlation Test
\ ~ fid
Step 3: Panel Data Analysis
BP LM Test Hausman Test Each model analysis

«

Step 5: Remedy Model
FLGS model

Figure 3.3: Methoglogy
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