CHAPTER 3

RESEARCH METHODOLOGY (_}
3.1 Introduction Q

This chapter describes a detailed explanation of the varia and a general
overview of the research methodology to be adopted an Zd in'the study. This

chapter comprises of five sections. The next section sent deefinition
]

_ 9
ction 3.4 $ t@neral
tives_Behind the

h o

shox@he diagnostics

followed by the data collection process in Section 3.3.
overview of research methodology and then
application of research methodology in Sew :

test while the last section concludes t apll:;.

3.2 Variables Definition

q
\ &
All the variables; d de al indep den‘té@ selected based on previous

evidence. This study % deper'l‘ nt ria‘blobamely operational performance

o
(ROA, ROE & NIM, and b:i\ﬁﬂl y (Z%a(om). There is another proxy for the

performance measure that is 'bin @arket-based measurement). The Tobin q
¢
was exami@ indi%tor‘%e*ir@ﬁectiveness from an investment perspective

(Wolfe, & Sauaia, 2003). in’s q% defined as the sum of market value of common
A X N

stoc ferred stock, book @ of long-term debt and short-term debt divided by

r Enent costs of net plant and equipment and inventories (Wang, 2002). Tobin Q

\W*hich is applied for the market-based measure (Al-Saidi, & Al-Shammari, 2013).

\However, based on the above discussions it is concluded that Tobin Q is market-based
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measurement tools with the listed banks. The study could not use Tobin Q (market base
measure) as the performance measurement since all the banks are not listed. T

To explain the dependent variables, several explanatory variables s@\j&focal
variables; bank size and level of bank sizes i.e., large, medium, and smaﬁ'l&gd on total
assets, total deposits, and operating income, the financial intermediary¥0le is measured
by the cost to income (economies of scale) and loan to deposit Mmies of scope).
While non-financial intermediary roles such as non-inter &n.se to non-interest

income, the dummy for the mode of financing, i.e., cashyor sto k,anriables,
X

to gross lo Iﬂl@ and

n%’ e d@ed.

|ze,dcive bank;égsz:hefinancial
intermediary role, the non-financial weaary role moc@f financing. The

levels of bank size are divided into t%evel acﬁg?o i @ assets, total deposits
S

and operating income: namely , ediuﬂ and l. inancial intermediary is

namely bank-specific variables such as loan loss res

capitalization macro-economic variables such

This study uses focal variables such a%

aﬁ}loan to deposits (economies

measured by the cost to income

n
of scope). Non-interes% to non-inte i} b o@e used to measure non-financial
4

&
intermediary role. NQtudy\laﬁm dedégueral controlled variables commonly
& tables

found in the literature.Fhes incl@'bank-specific variables namely loan loss

reserve to %n, liquidity; aﬁta&zﬁzﬂon, and macro-economic variables such as
GDP aré%)n (@brahi {& Ris&?ZOl?; Salaber, Rao-Nicholson & Cao, 2016;
Aanl., 2014; Kandil @ﬁowdhury, 2014; Gattoufi et al., 2014; Sufian &
@Iah, 2009; Al-Sharkas et al., 2008; Linder & Crane, 1993). Macro-economic
arfables like GDP and inflation are also used following Amene, & Alemu (2019) and
rel et al. (2017). Choi & Jeon (2011) confirmed previous literature results that found

GDP being the most relevant factor in long-run relationships and determining the
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aggregate mergers activity trend. Mohamed & Sidiropoulos (2010), however, applied

X
K\

This study has two dependent variables, i.e., operational perRmance (ROA,

GDP as a proxy of economic size.
3.2.1 Dependent Variables

ROE, and NIM) and bank stability (Z-score). \’

Y
. o

3211 Operational Performance ' C}
Accounting-based ratios, such as return on asset,(ROA) §Lr turnon e %(ROE)

: : %' , N
and net interest margin (NIM) are selected as theiprox \orﬂperatlogawperformance
i.e., to represent the operational perforn@ the mk. ere a:&

choosing an accounting base ratio. Eimcc Lm.@ u egDare recorded in the
financial statement and are easil%c Ienﬂ%r eing}%we benefit or outcome
“« Q-
resulting from M&As are saidw flecte i ratia%dch as ROA, ROE and NIM
—— N
(Hitt, Harrison, Ireland & Best‘, 1998). l §
I L

3.2.1.1.1 Rp@. A@) 40%
> >
ROA in% ow effici ?b rrﬁ&%éement of the banks in using their assets to

maximiz @tomes t a given c generate income (Rao-Nicholson, Salaber, &
:
ule

Cao, JAbdulazeez, f:na% Yahaya, 2016; Rani, Yadav, & Jain, 2016; Rehan,
Y
& Khan, 2018); Kandil,

Chowdhury, 2014).

0 reasons for



3.2.1.1.2 Return on Equity (ROE)

This ratio measures the return from shareholders’ investment that reﬂe?ﬂe
effectiveness of the banks’ management to produce additional sharehol@mgs
The higher the ROE, the greater the total shareholders’ equi wth and,
consequently, shareholders benefit from higher stock prices (Abdula¥,-§uleiman, &

Yahaya, 2016; Gattoufi et al., 2014; Rani, Yadav, & Jain, 2Q1Nan et al., 2018;

N
3.2.1.1.3 Net Interest Margin (NIM) | &
Net interest margin is a measure of the di ce et mt@t income

generated by banks and the amount of m&qt, aid ﬁut helr @;.torsllenders

relative to the number of their assets. \alar to the S m of non-financial

companies (Rani, Yadav, & Jaln, . Khan, V 2@8 Larasati, Agustina,
S

Istanti, & Wijijayanti, 2018). N
N\‘o
$
3212 Bank StablLtyﬁz score) J
f &

It is expected that the bank shou fnanC|aIIy sound after M&A. Along with

3
the bank’s operat1ona1 performance this study chose bank stability as the second

N e DU

dependent variable. Bank stability is proxied by the Z-score index. It combines

V

ol
profitabifit ragfaé_j}urn vuhllity in a single bank distance-to-risk measure

4
Ibrahlm & Rizvi, 2018; (Mo@ﬁas & Kosmidou, 2016; De Haan, & Poghosyan,

Jallow, Masazing, & Basit, 2017).

% ihak, & Hesse, 2010; Ibrahim & Rizvi, 2017; Anginer, Demirguc-Kunt, & Zhu,

& ; Nguyen et al., 2012; Wahid, & Dar, 2016; Diaconu, & Oanea, 2015; Khaddafi,

eikal, & Nandari, 2017; Li, X., Tripe, & Malone, 2017; Li et al., 2020; Karim, Al-
Habshi, & Abduh, 2016). The formula for the Z-score is,
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Z-Score = [{ROA + Equity to total assets)}/ standard deviation of total assets]

3.2.2  Independent Variables (’)
In line with the previous evidence, several variables, i.e., focal vﬂl'l;*s, control

variables (i.e., bank-specific and macroeconomic variables), and dumariables are
used as independent variables. \,

3.2.2.1  Focal Variables ’ ‘\d
o' X

|
Focal variables imply variables that are derived from theories that are applied in

N i
the thesis. A number of focal variables are used namely bank sizes, level of bank sizes,
o _ YT N\ Y
financial intermediary role (e.g., economies of scale, economies scope), non-financial
-

~ r &
intermediary role (e.g., non-interest cost to non-interest income) and the modes of

R JFEFS. g
financing (cash or stock). Bank size and level ‘of bank sizes i.e., large, medium, and
= \
N Ly
small based on the natural log of total assets total deposits, and operating income are

used and these are supported by resource dependency theory (Bhyrovabhotla, 2012;

- VT 1 ¥ <

Smirnova, 2014; Morris, 2004; Nair, Trendowski & Judge, 2008). Meanwhile, the

=) Inl

financial intermediary role is proxied by economies of scale (the cost to income),
4 I

- Y
economies of scope (total loan to deposit). Non-financial intermediary role proxied by

N e DU Y

non-interest income to non-interest expenses are used based on efficiency theory and

Qe | )) &

the theory of financial intermediation. A free cash flow hypothesis is applied to support

L

modes f inancing i.e., cash or stock.

ST
N
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3.2.2.2 Market Structure
3.2.2.2.1 The Herfindahl-Hirschman Index (HHI)
~

The Herfindahl-Hirschman Index (HHI) is measured by the square of a) market
\'
share divided by the total number of shares. A score below 1500 shows weak

h
concentration but strong competition, a score from 1500 to 2500 reveals moderate

oY
concentration and competition, and any score above 2500 until 10,000 points implies

A
strong concentration but weak competition. HHI is used to check the relative impact of

A‘I' y

M&As on the market. A higher value of HHI indicates weak competition but a stronger

level of concentration of the market and vice vers@ I 13 ’ _\

HHI is also used to monitor the potential impact of i'on an |ndustry Itisa
o _ - % o
quantitative measure that regulators can cite to veto any M&As transaction. Companies
~ \ r &

can include the index in their M&As proposal to indicate that the merger would not lead

N aA M
to a monopolistic market. The lower the HHI is, the more power consumers hold in that

NG B o TAEN
industry. Thus, prices are usually lower, and company marglns are compressed.
N NS
[ 3 $
32222  ConceftratioMRatio (CR) J | ~)
4 $ &

-
The concentration ratio (CR) is calculated by summing up the percentage of

- ¥ 3
market share. If close to 1, the industry is highly concentrated with weak competition,

N e DU

however it is close to zero, the mdustry is Iess concentrated with strong competition.

Qe | )) &

Hair, Ringle, & Sarstedt (2013) and Preacher, & Hayes (2008) prove many rules

WV e LY

representing types of mediation relationships. The following steps are given.

NS N

Exogenous

variables ROA, ROE, NIM and Z-
Path c score

Endogenous variables:
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Mediating effect:
Market structure

S

Exogenous Endogenous variables:
variables , ROA, ROE, NIM and
path ¢ Z-score
Figure 3.1: Flow of Structural Equation Mo |\'|)
O
g
g,

Step 1: Regress the endogenous variables by the exogenous varlables (path c)

ensuring that exogenous variables predict endogenous varlables g

rN )

Y=a+ Ban + €, Whlle B1is S|gn|f|cant

(3.2) \
Where: Aj 48(
- \
= endogenous varlables ‘%\

o = constant term, v} i 0
B1 = coefficient of exogenous varlables o‘éy
Xn = exogenous varlables anD %
€ = error term \’\ &

& 17,

Step 2: Regress the mediator varlable by the exogenous variables to confirm that

2N 2  J. &

the exogenous variables are the significant predictor for the mediator.
N>
M = a + B1Xn + €, while 1 is significant

M = mediator variable,
o = constant term,
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B1 = coefficient of exogenous variables,

Xn = exogenous variables, and
€ = error term \z
)

Step 3: Regress the endogenous variables by the mediator and exogenous

h
variables to confirm that the mediator has a significant predictor of the endogenous

a Y
variables and the previously significant coefficient of exogenous variables in step #1 is

A
slightly reduced. Moreover, by entering a mediator variable into a model, the exogenous

L W 4 {
: »
variables may no longer affect the endogenous variables (e.g., complete mediation i.e.,
&« 7 I o7 X
indirect only mediation) or get a week (e.g., partial mediation i.e., complementary and
T "

competitive mediation), and a causal mediating model exists (Namazi, & Namazi,

2016). c},‘ :\b\v ZQ\T

F

Y = a+ B1Xn + f2M + €, while B2 is signif@t’

(3.3) NN A
Sy S

Where: )

Y = dependent variable \ A} $

M = mediator variable,%Y. Lj { Q.

o = constant term, & \\" “é}/

B1 = coefficient of exogenous variables, %
'a ¢ <Q

Xn = exogenous variables, and

|
€ =error term%\ . b g (J“')
NG

/Q'r)é\

B1should be smaller in absolute value than the original mediation effect. Table 3.1
- N AV
shows the typology of mediating effects.

Table 3.1: Typologies of Mediation Effect

0 Types of Mediation Mediation Description
Effects

1 Complementary The indirect effect (path a x b) and direct
Mediation Partial Mediation  effect (path c) are both significant and
the signs pointing the same direction
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2 Competitive The indirect effect (path a x b) and direct

Mediation effect (path c) are both significant and
the signs pointing the opposite directi
3 Indirect Only The indirect effect (path is
Mediation Full Mediation  significant, but the direct effect C)
is not significant ‘%
4 Direct Only No- The indirect effect (pa X b)Y is not
Mediation significant, but the direct e (path c)
No mediation is significant
5 No Effect; Non- Neither the indirect ogirect effect is

&P ; Hair et al. (2013)

\d

Mediation significant V
Sources: Ramli (2014); Zhao, Lynch Jr, & Chen (2010); R% eacher, Tormala,
(2041);

3.2.2.3 Dummy Variables I g \ ¢
N 31 S
In this study, several dummy variables are used. For example, the level of bank
— .4 .

sizes, i.e., large, medium, and small and modes of financing i. e., cash or stock.
%VV Q\ ~ Q?\
3.2.24 Control Variables \

It is necessary to control forether cto({ e'be /\oposed in the literature

g Q-
as possible determinants of pe& ce an bility (I—Eisan, & Bashir, 2003). Likely,

. : ; Ny :
control variables are tEe Wdeni vari Ils @ay predict performance and

stability but are not the variable 0% f&h&é}udy (Musah., Abdulai, & Baffour,

N\ @
2020). This stud& ot ptes of control @ables namely, bank-specific variables

and macro-ec@igvar' b% :l (j)(}
S

3.2.2 ;i Bank Speécifi Va\l?bles
\ study uses bank-sr%jn‘ic variables as controlled variables. The credit risk

represented by the loan loss reserve to the gross loan (CR), capitalization ratio

OAP), and liquidity ratio (LIDY). High capital and liquidity holding increases the

banks creditworthiness and enables banks to expand their business. In addition, it also

91



enables banks to absorb negative shocks and reduces banks bankruptcy risk. As a result,
higher capital holdings are linked to higher profitability and stability (Brissimis Tx
2009; Mirzaei et al., 2013; Pasiouras & Kosmidou, 2007). The banks' @sk IS
considered by including the ratio of loan loss provisions to total loans:*Fhis, ratio is a
forward-looking measure of banks’ loan quality. Higher provision reflects borrowers’

inability to honour their loan obligation in a timely manner. \’

3.2.24.2 Macroeconomic Variables \d
oy
To observe the effect of macro-economic va and In li V\‘th_@y ious
studies, gross domestic product (GDP) and inflati FK d. B@Fare used
ini i perfo@gc:e and bank
stability. Sufian & Habibullah (2012&:“3 014), i
Cihék & Hesse (2007) have used th@sacroeco i ?ac 8.2 the control variables
S

in explaining the variations in ndin\var?ales. T
~ \"Q

Table 3.2 provides a detailed explanation of the dependent and independent

| L o
variables. % \:, r'(?

N @)
N

$
/. :l%(./

P

NV
\c..,

(a)
&
N
N
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Table 3.2: Description of the Variables Investigating the Impact of M&As on the Ba&gperaﬁonal Performance and Stability

Variables

Code Definition Features/ Description

Sources _\E&Eiz(;ted

References

A. Dependent Variables

e

Operational ROA, ROA and ROE measure ROA is defined as tax \) (Rao-Nicholson, Salaber, & Cao, 2016;
Performance the operational income as a percentage Y~ Abdulazeez, Suleiman, & Yahaya,
performance of  the of total assets. ‘ 2016; Rani,Yadav, & Jain, 2016; Khan,
banking sector. ROA; how & Khan, 2018; Jallow., Masazing, &
efficient the manager is in Fit on eM,P itive Basit, 2017; Kandil, & Chowdhury,
have better ROA by using gdataba , | (_} 2014; Gattoufi, Al-Muharrami, &
bank assets. nkscope a A Shamas, 2014; Nim Rani, Yadav, &
nk’s’a \)Y" Jain, 2016; Larasati, Agustina, Istanti,
ROEand ROE implies profit ROE is defined as t&. }pq X & Wijijayanti, 2018)
generated from the money income as a perw °\ é
invested of total equity. \ 6.;
NIM Net interest margin (NIM) Net Intere Marg \T '<\
reveals the amount of (NIM) is ¢alculate }y (_}
money that a bank is profit tax/total &
earning in interest on loans profit \ Aj &0
compared to the amount it ’ %\
is paying in interest on z 10
deposits G) .‘bj 3 &
A\ l\\ \("'
Bank Z-score Bank Stability A%e sureS the’ lev f (lbrahim & Rizvi, 2018; (Moutsianas,
Stability YI W b@lng Positive & Kosmidou, 2016; De Haan, &
Y I Sar Author Poghosyan, 2012; (Cihak, & Hesse,
calculation 2010; Ibrahim & Rizvi, 2018; Nguyen,

(o) ector. IS meastred by
% Z-scorg =)R equity
% to_ total ass standard

deWiation of ROA).
)\ &

Skully, & Perera, 2012; Wahid, & Dar,
2016; Diaconu, & Oanea, 2015;
Khaddafi, Heikal, & Nandari, 2017; Li,
X., Tripe, & Malone, 2017; Li et al.,
2020; Karim, Al-Habshi, & Abduh,
2016).

N
Si
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Table 3.2, continued .\z

Variables

Code

Definition Features/ Description

Sources ;(E)Hected

References

B. Independent Variables

1. Focal Variables

sign
\"a

Bank sizes BSTA, Bank sizes are measured Natural log of total FitchC ci’ (lbrahim & Rizvi, 2017; Kandil &
BSTD &  based on the total assets assets, total deposits and data Chowdhury, 2014; Markides & Ittner,
BSOI (BSTA), total deposits operating income. oz and Positive 1994; Cybo-Ottone & Murgia, 2000;
(BSTD), and operating n al Kosmidou, Pasiouras, Doumpos, &
income (BSOI). The units epor V Zopounidis, 2006; Aladwan, 2015;
for BSTA, BSTD & BSOI * \Y‘ Micco et al., 2007; Gamra, & Plihon,
are USD Million % | & 2011)
Level of bank BSTA|m Banksizetotal assets large, Sorting banks measure 2 I Y: (Katib & Mathews, 2000; Kosmidou,
sizes S medium, and small the level of bank si \ Y\_/ Positive Pasiouras, Doumpos, & Zopounidis,
BSTDuwm (BSTALms) from the lowest th 0\ é 2006; Aladwan, 2015; Ibrahim & Rizvi,
Bank size total deposits largest. i.e., ther@5 4 orQ‘ 2018; Cihak, & Hesse, 2010; Wahid, &
S large, medium, and small banks. all S sare ula@ Dar, 2016)
BSOlLms  (BSTDLms) arranged frop the 6w Y
Bank  size  operating to the lar %’wd I&T \'\
income large, medium, and  the firs]%ank!* are,, 7, <£_')
small (BSOlpwms) sorted \'}Hr the al &o
bank nd Y8 oo
banks Y are i&? S §
-size anks
i nks ar
,Cé‘ed bs the largest
o banks= Fa
Economies of Escope To measure the eﬁec(ﬁsLo neratio; it i ined  FicthConnect (Gamra, & Plihon, 2011; Fithria, &
scope lending activities t as| loankotal (_deposits database Sholihin, 2018; Beck, Demirguc-Kunt,
bank, the loan ratig &T ongmi sQQcope) Positive & Merrouche, 2010; Amene, & Alemu,

loan to the tot ts; ¥
lower  ratio &iicates &Y
N

excessive quubd'tq.

S

2019; Gattoufi, Al-Muharrami, &
Shamas, 2014; Smirnova, 2014
Antoniadis et al., 2014; Abbas et al.,
2014; Beck, Guo & Yang, 2013;
William, 2009; McClure, 2009;
Pasiouras & Zopounidis, 2008; Cigola &
Modesti, 2008) [cont.]
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Economies of Escale The  efficiency  ratio Cost/income (economies  FicthConnect .i [cont.] ( Piloff & Santomero, 1998;
scale implies how efficient the of scale) database (% Ibrahim & Rizvi, 2017; Sufian, 201;
bank is. A lower or 3 gative Piloff & Santomero, 1998; Ibrahim &
negative value indicates Rizvi, 2017; Sufian, 2011)
the better of the bank. Yu
AW
Non-financial NFIR Non-interest cost to non-  Non-interest cost/non- Ficth ct Negative (Sufian,& Habibullah, 2009; Nguyen et
intermediary interest income, to measure interest income base ' al., 2012); (Lepetit, Nys, Rous, &
role non-financial intermediary Tarazi, 2008).
role. Lower is better. ) \d_ _
Modes of FIN M&As are financed by Payment of M&AS dea&th@;\ect | itive (Kwenda, Oyetade, & Dobreva, 2017;
financing stock or cash database = lankova (2014; Nor & Ismail, 2006;

(cash or stock)

Ramaswamy & Waegelein, 2003; Tuch
& O'Sullivan, 2007)

2. Control Variables

%}i’f\) il

Credit risk CR Loan loss reserve to the Loan loss ra\ orgi (Boloupremo & Ogege (2019; Fayed
gross loan is wused to gross loan abaset;, Negative (2013; Altunbas, Y., & Marqués, D.
measure the credit risk of \b; n c@%eand (2008; Kandil, & Chowdhury, 2014;
the bank. o ban@nnual Gattoufi, Al-Muharrami, & Shamas,
oy ~ 7 " <teport 2014; Al-Sharkas et al., 2008)
Liquidity LIDY To know about the Li idbrat'oﬂ' EitchConnect (Amene & Alemu (2019; Fayed, 2013;
liquidity position of the d%ﬁi as liqui l ~édatabase, Negative/  Altunbas, & Marqués, 2008; Abbas et al.,
bank liquidity ratio is used Cﬂ otal 'g posits QQQbankscope and Positive 2014)
in the study. \ @) bank’s annual
AN I S report
Capitalization CAP Capitalization representS “hotahegui 3 FitchConnect Positive (Kandil, & Chowdhury, 2014; Gattoufi,
the financial conditiol r&\ database, Al-Muharrami, & Shamas, 2014; Rao-

]
the banks especiall ;ﬁe) /
shareholder's porti Q’ P 7;)

zl( ) 4
-

4

bankscope and
bank’s annual
report

Nicholson & Cao, 2016; Abbas et al.,
2014)

3.  Macro-economic VariablesQ.
-
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oitive

Gross GDP To  measure M&As Natural log of GDP International K
domestic performances along with  constant term to USD Monetary (’)
product bank-specific factors, Fund (IMF)

macro factors were also
used. Gross domestic Y-
product is used to represent
the economic size of the \)
particular country v
Inflation INF Inflation has been Inflation Int bnal‘ Positive/

measured by the Consumer
Price Index (CPI)

ne ar)\dnegative
Fund (IMF) ¢ o~

(Mohamed & Sidiropoulos, 2010; Sufian
& Habibullah, 2012; Kohler, 2014;
Bourkhis & Nabi, 2013; Cihak & Hesse,
2007; Amene, & Alemu, 2019; Erel et
al., 2017; Choi & Jeon; 2011; Hassan, &
Bashir, 2003)

4. Industry-specific variables (Market structure)

Log of LHHI Hirschman Herfindahl It implies the level b g A\Lrtggd N (Rinkevi¢iité, & Martinkute-Kauliene,
Herfindahl Index (HHI), a competition in _ th tion .~ 2014; Galeti¢, & Obradovi¢, 2018; Al-
Hirschman measurement of market sector. HHI is ca M °\ ’& Muharrami, & Matthews, 2009; Khan,

Index structure  (concentration) by squarex.a ot é‘% Ahmad, & Chan, 2018; Mohammed,

for the country based on summation of th nk's\ & Ismail, & Muhammad, 2016; Hakim &
total assets (TA), Total market sha%sed o_h\_ T A Chikr, 2014; Abdul Kadir, Habibullah,
?epos(its )(TD) and Gross total assets: nce he 4 Qc_} Siong It-)ick))olfl, ﬁc Mohamed, 201z|1; Sufian
oan (GL measur ofi_t & Habibullah, 2013; Gajurel, 2010;
other i 4 \SQ Turk-Ariss, 2010; Abdul Majid &
n eK‘!btal[de Sit % Fadzlan, 2007; Pawlowska, 2005; Repon
a% s loan ar, theo and Islam, 2016; Rinkeviciute &
sam sele:{’[s\ asgefj.' Martinkute Kauliene, 2014; Bikker, &
,ferthe analysis: Haaf, 2002)
— == =
N Oy S
2 9
e, &
rV/:, S
5
N
Concentration CR3 It implies the level of Author As above
ratio concentration in  the calculation

sector. CR3 is calculated
by taking 3 largest banks
based on total assets.
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deposits (TD) and Gross Since the measurement i
loans (GL). of the other two (}
variables, total deposits s
and gross loan, is the

same, | select total assets
for the analysis. A

4
Ny,
e



3.3 Data Collection

Unbalanced panel data are collected from Q1 2004 until Q4 2020, and fromé24 banks
consists of 14 conventional and 10 Islamic banks (see Appendix Table igf)hese banks
represent 6 countries: Saudi Arabia, United Arab Emirates, Qatar, %vgit, Bahrain, and
Pakistan.

This study used 17 years of quarterly data from 20 UV\X):O. Total number of
observations for Islamic banks is 200 in pre-M&As and S \Q?) observations

for conventional banks in pre-M&As and post M&As, The six|cou ie,s Jvce‘)@"selected
anki

because there were M&As aspects in the Islamic b sector within the 'stﬂected period
Y/

of times. Data were collected from severd\%)gnda‘;{\'ees: @ank’s financial
statement, FitchConnect (Bankscope)@e, Blo g @\Thomson Reuters.

Meanwhile, the macroeconomics vari%i.e., q @d inflation were collected
N
from the World Bank and the In al Monet y(Furlg%H\/lF) database. Two periods

were selected for the analysis'?. ear‘/ orejyand 5:ye€ars after the M&As. It has been
t fo

divided into 5 years pr% ILg in \ﬁ‘l{@ear M&As has occurred for that
particular’s banks. N Nthe yfar\happeni‘n&M&As is not the same for all banks.

N
1 (O
‘ \: ¢ P &3
3.4 Genera@ ew of Research hodology
Wious g;u"ﬂ'gave é?ed different techniques to empirically analyze the

Vari
‘1&( ('}/
impacl& As. For instancey regression analysis has been applied by (Kandil &
C , 2014; Abbas Hunjra, Azam, ljaz, & Zahid, 2014; Bernad, Fuentelsaz &
@, 2010; Ravichandran, Mat Nor, & Mohd-Said, 2010) whereas other studies like

(Ibrahim & Rizvi, 2017; Barros & Caporale, 2012; Neto, Branddo & Cerqueira, 2010;
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Mohamed & Sidiropoulos, 2010; Zou & Simpson, 2008; Amihud et al., 2002) have applied

panel techniques to analyze and explain M&As activity in the banking sectﬁ%is study

applies POLS and panel data techniques (fixed effects and random eff nyconducted
2 l

along with structural equation modeling (SEM) using Stata package 14.2 (Acock, 2013;
CS

Huber, 2014; Venturini, & Mehmetoglu, 2019) to examine and a% earch questions.

Due to the smaller number of groups (24 banks), GMM tec niq?ﬁnnot be applied since

l

number of instruments are high. .\d
]

g
O
3.4.1 Panel Data Techniques \ &
Y
34.1.1 Fixed Effects (FE) and Rando Effe S ( T
Panel data techniques are often co n efflc d p@ﬂar analytical method

in handling econometric data. It allo he mm%cw '{}b( N cross-sections (e.g.,
banks) and T periods (e.g., years eab d Egca (same time periods for all
units) or an unbalanced pan e %i r all units). In this study, the
unbalanced panel is adop |agn tlc gllof‘giel data is discussed in Section 3.5.

To choose the most nate'es '

Ny .
statistical test na th test dg)sed. The Hausman statistic tests the null
¢’

ra pé;tjcular sample compared to the FE and allows us

&
r be@e’n fixed effects and random effects, a

hypothesis th ppr
to deud&’nodel gi stimation. The Hausman test allows verifying the
prese orrelation betweeh&ﬂ]e unobservable heterogeneity and the explanatory

Wooldrldge 2002). The basic framework for panel data is defined as the

ollowing regression model.
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Ynt =0+ vXnt+ Ent
(3.4)

N
Yw

Yt = dependent variables; ROA, ROE, NIM and Z-score
o = constant term,

v = vector of all explanatory variables effecting M&As perfor Md stability
x = number of explanatory variables ’%’

n = cross-section unit t\d
t = periods * X

- | &
& = denotes error disbursement. RN
b 4
\,Y"

The econometrics specifications of the mO(R. \ ! X
a. Operational performance 0} v\ 6"’
n

PERn = o + B1BSTAn + B2BSTDn; + + BaEscaten:  PsEscopent + BsNFIRq +
B7LIDY n + BsCAPy + Bo oGD. F .@:mm + £2BSTALmisnt +
£2BSTDywmsn + £4BSO £ O . Q‘p
(3.5) N ¥

Z-scoren: = o + 1B Nz "Dn BB @ + BsEscalent + BsEscopent + BsNFIRn: +
Byqu 3CAH? GR +

S
@a DP + B11INF + £1FINy + £2BSTALMsnt +
£3B€35Msm £9B
(3.6)

“En
Where: A \f..)

PER —§\n on asset (ROA), return on equity (ROE), net interest margin (NI1M)
r

@ nt = bank stability (Z-score),

o = constant term
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B = coefficient of exogenous variables

£ = coefficient of dummy variables

BSTA = bhank size total assets,

BSOI = bank size operating income,

¥
&€ =error term *
N3

BSTD = bank size total deposits, Y'

BSTALwms = level of bank sizes i.e., large, medium, and ased %sets,

@
BSOlpws = level of bank sizes i.e., large, medium, an all based on eiatia\ come,
o | A
BSTDvwwms = level of bank sizes i.e., large, medium, anthsmall pased tota@leposns,
N

oy

&

Escale = cost to income, \} .,‘
Escope = deposit to loan, \L ,

NFIR = non-interest expense to non-ifterest inco \T
st

FIN = dummy for the mode of fin% cash'or
& A“’
setj ‘%\
sse ' 0’

LIDY = liquidity; liquid asset?j.
CAP = capitalization; tot% /tota}
CR = credit risk; loan eserve to\ss Ioarlé
- : AN
GDP = gross do wr duct, :, C.)(J
INF = inflatioQ_) O
S
&F ! DA
X"

P@ta models investig@roup (individual-specific) effects, time effects, or both
to @&\ heterogeneity or individual effect that may or may not be observed. These
ts'are either fixed or random effects. Moreover, the fixed and random effect is called

a ic model.
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34.1.1.1 Fixed Effect (FE)

The most common panel estimators for relatively large T (T>N) are ma@ data.
FE is also known as within estimator or least square dummy vari timator or
covariance estimator. Fixed effects regression is adopted to control for omitted variables
that differ between cases but are constant over time. FE allows a#esearcher to observe the
effects of omitted independent variables on the dependent riz&s’lt imposes equality of
all slop coefficients and error variance across the vari n onwercept across

. . : ®
units such as firms, banks, or countries are all$ vary.| Mo Vfl‘, &lg'ls more

restrictive. FE expresses the following model, 2 X
\ N
Yi=a+ B)g% + e‘ﬁ é\‘?

G Y

2%

Xit: [1 for i individual i=2....N, 0 Q@e] andZ cf‘:)’&e»riool, t=2..n, 0 otherwise]
o
\§ &
34.1.1.2 Random Effect (R L %\

The random effect i$ the estimatar if se@r omitted variables do not vary over
’ F &
time and differ across wsesgﬁa
over time. It is th@'restr itima@%’lt also imposes the equality of all slop

¢ 27 S
coefficients b@ erri \;:%zé @ intercept to differ across countries. It assumes
random iniw, the rﬁe@d?,whi captured by the constant term and the variance of

which i red by the varianctfé? the error term. RE model express as the following

% Yit = otpXirtEit (Eit = pitvitdit)
(3.6)

Where:
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Yit = dependent variables,

X = explanatory variables,

o = constant term,

B = slop coefficients,

& = the composite error term,

1 -N (O, 6%v) = cross-section error component,
v -N (O, 6?v = time-series error component,

® ~N (O, 6%®) = combined error component

i = units and

t = period.
If the 6%v and 6°v are zero, then the RE m Eo

If there is a doubt, the correlation bet w
c;

and the explanatory variables, the genereN

is running the Hausman test. Here, t @ypo@f%o
]

against alternative hypothesis co on exists, I.e.

is rejected. Then it is safe to u meahing that t
g@ )
the study. Accordingly, th test se' ea/\@e
\Y .

choosing between POLS RE tMauIidar, & Majid, 2020; and Zulfikar, & STp, 2019).
NS A
N N O
(—) ’ (j’
342 Str -%-Equa on eﬁ@ (SEM)
‘v’
at

SEﬁ'S ery general st ic;st\c?T modeling technique widely used in the behavioral

scien NEM is a multivariate statistical analysis technique that is used to analyze

uctural relationships. This technique is the combination of multiple regression analysis,
it is used to analyze the structural relationship among variables. It can be viewed as a

combination of factor analysis and regression or path analysis. The interest in SEM is often
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on theoretical constructs, which are represented by the latent factors. Hair Jr, Sarstedt,
Hopkins, & Kuppelwieser (2014) mentioned that SEM has become the domi@yﬁcal
tool for testing cause-effect relationships models with latent variables. lationships
between the theoretical constructs are represented by regression_or path coefficients
between the factors (Hox, & Bechger, 1998). SEM brings two advantages. Firstly, SEM
makes it possible to study complex patterns of relationshi SWQ the constructs in a
conceptual model in an integrative fashion. Secondl e su@af unobserved
(latent) variables by observed fallible indicators can odeled expli Iy, gg‘d}We effect
of measurement error (both random and systematiCjyon structural ela@ips can be

u\Mod%i&approach. This

considered. Especially it is a variance-based % al

study uses SEM to test the mediation @g the oﬁx@é for pooled data set

(Mayerl, & Andersen, 2019; Sattar(}&lQ; G \CﬂQ?& \@g 2019). Furthermore,
N
bootstrapping t-test is analysed fo%r surﬁ‘)ortt .SEI\/<§é§ults.

The bootstrapping te@s ') 0S bys.Preacher and Hayes (2004).

» g:\

Bootstrapping assigns measures of accuracy (bias, variance, confidence intervals,
. 4 N
prediction error, etc.) to sample estimates. The test further supports the result of SEM. More
v | ~
AN N I O
specially by dint of Bootstrapping test, it can be confirmed and further support which
» ¢ " g

rz
variable showed mediation relationship. O

S S
) S
3.4.2.]\ ediating Effect

‘%lng the causal and indirect effects such as mediation has been popular in

@ing, social science, psychology, sociology, and education. However, those effects

are notable exceptions in the finance field because only recently it has become increasingly
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vital to examine the direct and mediation effect determining bank performance. As stated
earlier, mediation is a set of causal hypotheses. Technically speaking, the pre% (X) may
influence the outcome variable (Y) through the mediating variable @ short, the
inclusion of a third variable clarifies the relationship of two variables, i.e., the predictor
variable (X) and the outcome variable (). It is also shown by ilqu;x;ects (path a and
path b) and direct effects (path c). Whereas, path a state, of ctor variables (X) on
mediating variables (M), similarly, path b indicates thegimpact of Aiati variable (M)

on outcome variables (Y) and simultaneously pyows predic )/ar'ial}?(X) on
S

outcome variables (Y). The mediation relationship exists when ‘a third an&bIe plays an
Y

essential role in governing the relationship b%e} two_ 0 riabl?&’his relationship
&

can be seen in Figure 3.1. \C) O

Nitzl, Roldan, & Cepeda (2016 tation literature discusses

34.2.1.1 F Medla io
Full me@ s indica the&;ase where the direct effect ¢’ is not significant
whereas tﬁ%ct effgct ho'{a xkﬁ significant, which means only the indirect effect

N
via theame r exists. In other words, technically speaking, full mediations means that the
eff e variable X to Y is completely transmitted with help of another variable M. It

@eans the condition Y completely absorbs the positive or negative effect of X. In this
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way, it can completely pass an effect or completely hinder the effect in terms of another
3.4.2.1.2 Partial Mediation .

Partial mediation is indicated in other situations under th@n?on that both the

direct effect ¢’ and the indirect effect path (a x b) are signifi ntYm&ent partial mediation.

effect.

Two types of partial mediations can be distinguished y com IAme ry mediation

and competitive mediation. A decision tree for a typo of mediatio ec‘ta’??eported
A
in Appendix Figure A4. 2 X

N

Y. N {\T
& 17

In a complementary partial med@s, the \af%ct ﬁs’ and indirect effect path
(a x b) point in the same (positiveétiv i (B{z@}and Kenny, 1986). It is an

often observed result that pat x) 21 are s@qiﬁcant. A x b x ¢’ is positive,

3.4.2.1.3 Complimentary Media

ef'dire

which indicates that a po% he ef'f' to (‘)an mediated through M. In contrast,

&
X still explains a po M Y tf'at epen@(of M. This complementary mediation

hypothesis sugges &b{tt e int?vg fe anéﬁ'e explains, possibly confounds, or falsifies
¢
) 2
[

the relationships, between/ th epe@ent and dependent variables. Complementary
mediation:iw calle{l B'p(ﬁitivyeonfounding’ or a ‘consistent’ model (Zhao et al.,

2010) ‘Sl
S
N
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3.4.2.14 Competitive Mediation

In a competitive mediation, the direct effect path ¢’ and indirect effe&% (a xb)

point are in a different directions. A negative a x b x ¢’ value indicatjc@resence of

competitive mediation. As mentioned above, this indicates that a portion of the effect of X
on Y is mediated through M, whereas X still explains a portion is independent of

th
M. In the past, researchers often focused only on complement ediation (Zhao et al.,

2010). The competitive mediation hypothesis assumes e nte@i& variable will
reduce the magnitude of the relationship between the i endent and (?nd'ezgariables.
AN
4 X

\ N
3.4.2.1.5 Only Direct Effect Non-Me% 0\ ?T
If the indirect effect path (a x b) '\%niﬁcan eas gdirect path ¢’ is, the

mediator variable has no impact; this @'Sates thﬁ\wﬁne i’a{é,mon-meditating effect is
N
present. In this case, the study %vhapg‘ sea g fqg'.%n inappropriate mediation

&
relationship. However, it is po%batr re gni@ediation relationship still exists
r tha

and another mediation va% p ese‘g ﬁbu@ an effect between X and Y (Shrout
N &
and Bolger, 2002). T Nreseaf@ ould é\‘fnk the model’s theoretical basis if the

&

expected mediation‘relationship 'be fa@td (Zhao et al., 2010). A decision tree for the
tion e

ffeDtsye oﬂs\@n Appendix Figure A4.

w1

typology of

A ‘%V’T
3.4.2.1.& No Effect Non-Mediation
‘%e is no effect if neither the indirect effect path (a x b) nor the direct effect path
> is)Significant. The total effect can still be significant. First of all, in this case, the

researcher should determine whether the sample size has enough power to show an effect
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when there is an effect. Putting the last two cases together — the indirect effect path (a x b)

is not significant and the direct path ¢’ is or is not — frequently indicates a K&matic or

flawed theoretical framework (Zhao et al., 2010). In this case, the S%er should
tal

thoroughly examine the hypothesized model. When, for example, thq total effect path c is
t

significant, it can indicate that the mediation variable should beeleted because it brings

no further degree of explanation. Technically speaking, if the rrWon variable M has no
real effect, it only dilutes the effect of the direct vari nd We deleted. A
decision tree for the typology of mediation eﬁectswe in Appe i>j F@A4.

-
£

3.4.2.2 Model Selection Criteria \3 \ E

ia f <SEM. The criteria are

4(4

p{érlute fit indices determine
N,
Q(:Ho, 2002) and demonstrate

which proposed model has t?\gt sult e fit. T@ndices provide a fundamental

indication of the model f% er, C

fit indices, their calcgi\;does 'IOt
instead a measure (ﬁhhgw It
‘

da i-

indices includ@

and Stand:wRoot Sﬁuar sidual (SRMR). While incremental fit indices are
ive

also C(QK

ar indices that do not use chi-square in their raw form but compare the values to a

how well a priori model fits the data'tMc Id

ghl & len, 2008). Unlike the incremental
Y
n theé/nparison with the baseline model but is

O .
fl fét‘)@comparlson to no model at all. Absolute fit

’
ooK(M/ean Square Error of Approximation (RMSEA)

)
(Miles, & She\hgr?, 2007) or relative fit indices (McDonald, & Ho, 2002)

aseline model. An example of incremental fit indices is the comparative Fit Index (CFI).
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3.4.2.2.1 Model Chi-Square

The chi-square value is the traditional measure for evaluating the ov@el fit
and assessing the magnitude of discrepancy between the sample and th &@covariance
matrices. A good model fit would provide an insignificant result at a %shold (Barret,
2007). Thus, the chi-square statistics are often referred as eithegé';t:ss of fit (Kline,

2015) or a lack of fit measure. Cut off for good fit is p-val >mline, 2015)

. o

3.4.2.2.2 Root Mean Square Error of Approximation (RMSEA)
e

The RESEA is the second fit statistic reporte e LISREL ogranz-and was first
Y/

developed by Steiger and Lind. The RMSEA%Z us gi)\eﬂ the:@&ﬁ with unknown

but optimally chosen parameter estimat\v&@ fit the tioﬁovariance matrix. As

reported by the researcher, in recent S it has \ER\I?ga pa\as one of the most fitted
N

indices (Diamantopoulos, Siguaw%_law ne 0@ greatest advantages of the

% @Iated around its value. This is

RMSEA is its ability for a co%_ e i]
possible due to the kwon %J on vzil e of rlglsctz&ics and subsequently allows for the

e\Ofe preédy (McQuitty, 2004). The cut-off value

3.4.2.2.3 %andardaez)ﬂlo

N
Z@R and SRMR are sh(;l?ire roots of the differences between the residuals of the

sar%variance matrix and the hypothesized covariance model. The cut of values for the

@AR ranges from zero to one with a well-fitting model obtaining values less than 0.05

N
oé\ean Square Residual (S) RMR
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(Diamantopoulos et al., 2000). However, values more than 0.08 are deemed acceptable.

SRMR values close to zero imply good fits of the model (Kline, 2015). \

The CFI is the revised form of NFI which considers the % ize and performs

3.4.2.2.4 Comparative Fit Index (CFI)

well even when the sample size is small (Berger, 1990). Tth was introduced by

Bentler in 1990 and subsequently included in the fit ingdiees in his !}S gram (Kline,

2015). A cut-off criterion of <=0.90 was initially advanced, however, iec’egr‘t)gt'udy has
A

shown that a value of more than 0.90 is required to re that incorrect serified models
\ﬁn v

are not accepted. Meanwhile, Kline (2015) st% a v% ore @5.85 is presently

recognized as a good fit. \O) Csﬁ

\ Y

A

N

3.5 Motives Behind Applying%?ata'ksti onzssamiques

The main motive behin%!melt' el t@ques is data constraint. Firstly,
controlling the individu genei Jﬁ#e({l& is described as the unobserved
heterogeneity. If thes ﬁﬂwence fhe fable oér(erest and are correlated with observed
lanat E%h 'te@ffgﬁtfth' iable will be biased and not
explanatory varia Ns ep .mac‘) ects of this variable will be biased and no

1
precise. Secor@ el data a for\ﬁnger observations by pooling individual and time
’ 4

dimensio -section nﬁs-ba@%‘times) as well as more variability. Thirdly, the
e§

)
Iso dynamic (mor?@djustment of nature or environmental or geographic).

techni

Fo . this method could identify the parameter that could not be traced in the pure cross-

ectign or pure time series.
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The research questions can be investigated through conventional regression analysis
that only traces the relationship between dependent and independent variabl@ssion
assumes long term theoretical relationships between the variables and ex exogenous
variable and endogenous variable. It does not give a lead-lag re %p among the
selected variables, emphasizing this strategic decision. 3

Moreover, the time series technique does not ap Ws study due to data
constraints. It is difficult to obtain the significanc -r ioan\rFJatistics from
regressions. Panel technique is used because it aIIc@&inclusi no aja ﬁzgm) Cross-

A

sections (e.g., banks) and (T) periods (e.g., years) benefited, beftef co roIIinQ-ofindividuaI
\e N

heterogeneity, more information data sets (i%' n i ries@?:ross countries,

therefore more degree of freedom), su@ study narﬁ\of adjustment (how

individuals adjust over time), identifiCation of p \ngt% @annot be identified with
N

pure cross-sections or pure time sefi redliced ticot@?earity problem.

A“’

N

3.6 Diagnostics Test %z :’Dj‘-lQ\?
This study uselq%nbalapce el d%éet of 24 banks of 10 Islamic and 14

conventional banEé\iqn iX co
’

2 S

uchéf.meteroscedasticity, multicollinearity, and auto-

4" quarter of @ ever;?s
correlatio %used 0 the | data set's accuracy and avoid any bias in the
A

S
e diagnostic tests are

estim discussed below.

N

2 6 countries are Qatar, Kuwait, Bahrain, Saudi Arabia, and UAE and Pakistan
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3.6.1  Heteroscedasticity

It is used to test for heteroscedasticity in a linear regression model anK&nZs that
the error terms are normally distributed. It tests whether the varianceﬁ)rrors from
regression is dependent on the values of the independent variables. The test result showed
that chi2 (1) = 34.02, Prob>chi2 = 0.0000. Since the probability e (p=value) is less than
0.05, the null hypothesis is rejected. Meaning tha t%"s a problem with

heteroscedasticity. To correct the problem, Whites h ter%c -consistence

covariance matrix estimation is used throughout the regressions.
! .b
iy
X~
3.6.2  Multicollinearity c\/ "\ é\

&

Multicollinearity occurs when nM ent variahles in egression model are

correlated. This correlation is a &Bﬂ b® e ce:)@z&ent variables should be
é

independent. If the degree of CK on Mﬂrla Q'IS high enough, it can cause
problems. Vif value is 2.1 (Awmx Tible ! )@nce is less than 10, it implies that
|
ulti

there is no problem with m llingarit
&\ S &

Auto-c n .,' C—)
Autoc r |st~ghf data that shows the degree of similarity between

the values f same varlables m& successive time intervals. According to the auto-
cor‘re% test, F(1, 18) = 29.755, Prob > F = 0.000. Since the p-value is less than 0.05,

ypothesis of no autocorrelation is rejected. It shows that the presence of an auto-

btlon problem in the study. To solve the problem, vce (robust) is used throughout the

regressions.
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3.7 Chapter Summary \Q

This chapter provides the fundamental research design of the stus.coutlines the
tifie

variables that were explained, and data collection procedures were I%i . Models and
empirical research techniques are used in the analysis. Then, the ryw f behind applying

panel techniques and Structural Equation Modelling (SEM wa“?'sfussed in detail.
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